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Abstract
Background: The metabolite content of a seed and its ability to germinate are determined by genetic makeup and
environmental effects during development. The interaction between genetics, environment and seed metabolism
and germination was studied in 72 tomato homozygous introgression lines (IL) derived from Solanum pennelli and
S. esculentum M82 cultivar. Plants were grown in the field under saline and fresh water irrigation during two
consecutive seasons, and collected seeds were subjected to morphological analysis, gas chromatograph-mass
spectrometry (GC-MS) metabolic profiling and germination tests.
Results: Seed weight was under tight genetic regulation, but it was not related to germination vigor. Salinity
significantly reduced seed number but had little influence on seed metabolites, affecting only 1% of the statistical
comparisons. The metabolites negatively correlated to germination were simple sugars and most amino acids,
while positive correlations were found for several organic acids and the N metabolites urea and dopamine.
Germination tests identified putative loci for improved germination as compared to M82 and in response to salinity,
which were also characterized by defined metabolic changes in the seed.
Conclusions: An integrative analysis of the metabolite and germination data revealed metabolite levels
unambiguously associated with germination percentage and rate, mostly conserved in the different tested
seed development environments. Such consistent relations suggest the potential for developing a method of
germination vigor prediction by metabolic profiling, as well as add to our understanding of the importance of
primary metabolic processes in germination.
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Background
Seeds play a major role in agriculture, both as products
for human food and animal feed and as plant propagation
units. The seed quality for propagation is determined by
its potential to germinate and produce viable and robust
seedlings [1, 2]. The uniformity and rate of germination
are important agronomic traits, especially in crops that
are sown directly in the field [3], which are governed by
internal mechanisms such as plant hormone levels, tran-
scription regulation [4] and environmental conditions,
including water availability, temperature, nitrate levels and
light [5–7].
Seed germination is inherently related to seed metab-
olism, which changes throughout its maturation, desic-
cation and germination processes [8, 9]. Maturing seeds
accumulate transcripts and metabolites necessary for
seed germination [10]. During germination, glucose at
high levels can support abscisic acid (ABA) signaling,
delaying germination and starch degradation in tomato
[11] and Arabidopsis [12]. Intermediates of the tricarb-
oxylic acid (TCA) cycle accumulate during seed priming
[13], likely in preparation for the high energy demands
of germination. Amino acids are also used as energy pro-
duction sources during the early stages of germination
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via various pathways [2, 14]. Cell wall metabolism is es-
sential for the loosening of the endosperm cap in tomato
and for the elongation of the radicle leading to germin-
ation [15]. Despite these studies, the understanding of
the relation between primary seed metabolism and ger-
mination is still poor [16]. Fundamental questions re-
main unanswered, including: what are the metabolic
processes required to enable or boost germination and
seedling establishment? Therefore, an integrated view of
the existing degree of variability in the metabolite profile
of seeds is necessary. High-throughput methods, such as
gas chromatography coupled to a mass spectrometer
(GC-MS) [17], combined with multivariate approaches
for analyzing mapping populations’ natural diversity, can
aid in developing a comprehensive picture of the meta-
bolic network.
The introgression line (IL) population between Sola-
num Pennelli and S. esculentum, cultivar M82 [18, 19]
has proven to be an excellent tool for researching and
identifying QTLs [20], leading to the cloning of agro-
nomically and biologically important genes [21, 22]. In
exploring the link between metabolism and plant traits,
using the natural variability of the IL population,
Schauer et al. [23] identified 889 fruit metabolic QTLs
and found that central metabolites were more associated
with morphological traits than metabolites related to
secondary metabolism. Schauer et al. [24] also studied
the mode of inheritance of the tomato fruit’s metabolic
traits. They found that metabolite content is affected by
environmental and genetic factors, and that metabolites
sharing QTLs are probably jointly regulated. In the same
IL population, Toubiana et al. [25] identified 30 QTLs
likely regulating seed metabolism. The analysis revealed
a group of amino acids that were highly co-regulated in
association with a group of genes on chromosome 2 of
the glycine and serine metabolism [26].
Salinity affects seed germination and crop establish-
ment worldwide, leading to significant reductions in
yield and crop quality. Tomato is considered to have a
moderate tolerance to salt stress and is affected by salin-
ity starting at a soil extract electrical conductivity (EC)
of 2.5–3 dS/m [27]. The effect of salinity on tomato ger-
mination has been studied in a wide range of wild spe-
cies and cultivar accessions [27, 28], and the results
show reduced germination percentages and delays in the
germination rate. The wild tomato S. pennelli has a bet-
ter tolerance to germination under saline conditions,
and several attempts were made to discover the QTLs
and wild-type alleles related to this phenotype [29, 30].
While the effects of various environmental conditions
during development on germination have been studied
[31–34], the mediating effect of parental genetics and
growth conditions during seed development on seed me-
tabolism and germination has not been entirely grasped.
By employing seeds collected from the ILs grown in
the field under fresh water and a mild salinity, we ex-
plored the link between the seed metabolic traits and
parental environmental conditions and genetics on
modulating seed germination.
Results
In this study, 72 ILs and their genetic background culti-
var M82 were examined for the effect of growth under
EC = 1.5 dS/m (control) and EC = 6 dS/m (saline) during
two seasons (2010 and 2011) on seed numbers, weight,
metabolic content and germination. Seeds developed on
plants grown under saline irrigation (SDS) were com-
pared to seeds developed on plants grown in fresh water
(SDF), as the control, for all examined traits. Identifica-
tion of putative QTLs was attained by comparing the ILs
to M82 for any given trait.
Seed weight
The average weight of mature seeds was determined and
compared between treatments and lines. No lines had a
significant (p < 0.01) difference in seed weight between
SDS and SDF. There were, however, differences in seed
weight among some ILs and M82 (Table 1). In SDF, five
ILs (IL1-1-3, IL2-4, IL4-3-2, IL7-2 and IL11-1) had sig-
nificantly (p < 0.01) lower seed weights than M82, and
six ILs (IL7-4, IL7-4-1, IL8-2-1, IL8-3-1, IL10-1-1 and




(mg) (sd) (mg) (sd)
M82 2.698 (0.18) M82 2.609 (0.16)
IL1-1-3 − 2.162 (0.21)* IL1-1-3 − 2.114 (0.14)**
IL2-4 − 2.123 (0.09)*** IL1-4-18 + 3.138 (0.24)*
IL4-3-2 − 2.148 (0.06)*** IL3-5 + 3.042 (0.14)**
IL7-2 − 2.393 (0.07)** IL4-3-2 − 2.221 (0.16)*
IL7-4 + 3.040 (0.1)** IL7-4-1 + 3.192 (0.17)**
IL7-4-1 + 3.497 (0.21)* IL7-5-5 + 2.880 (0.12)*
IL8-2-1 + 3.145 (0.2)* IL8-2-1 + 3.108 (0.25)*
IL8-3-1 + 3.239 (0.18)* IL8-3 + 2.982 (0.05)***
IL10-1-1 + 3.280 (0.27)* IL8-3-1 + 3.218 (0.22)*
IL11-1 − 2.090 (0.14)** IL10-3 + 3.069 (0.17)*
IL11-4-1 + 3.195 (0.15)** IL11-4 + 2.926 (0.06)***
IL11-4-1 + 3.211 (0.17)**
IL12-1-1 + 3.357 (0.11)***
ILs that had significantly increased or decreased seed weight compared to
M82 in season 1 are marked by + or−, respectively. ILs with significant
differences under both conditions are presented in bold
Asterisks mark significance levels (five replicates) with the Bcp of *p < 0.05,
**p < 0.01, ***p < 0.001
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IL11-4-1) had significantly higher seed weights. In SDS,
IL1-1-3 and IL4-3-2 had significantly lower seed
weights than M82, and eleven ILs (IL1-4-18, IL3-5, IL7-
4-1, IL7-5-5, IL8-2-1, IL8-3, IL8-3-1, IL10-3, IL11-4,
IL11-4-1 and IL12-1-1) had seed weights that were sig-
nificantly higher than M82. Six ILs (noted in bold) had
matching significant differences in both treatments, sug-
gesting putative robust QTLs for seed weight. A gene in-
fluencing seed size has been isolated from the IL4-3-2
genomic region [35], showing the potential of similar
QTL-based research.
A comparison of IL seed weight with M82 between
the two seasons revealed consistent trends of variance
(Additional File 1: Table S2). Overall, there was consid-
erable overlap in the ILs with significant differences
compared to M82 in the four growth conditions of the
two treatments and both seasons. Twelve of the 32 puta-
tive QTLs detected were confirmed in at least two con-
ditions, and seven of the putative QTLs were shared in
all conditions. The general stability in seed weight
among the ILs and M82 across environmental factors,
such as seasons and salinity treatments, suggests a
strong genetically regulated trait that is less affected by
the environment. No other physiological or metabolic
trait of the seed that was measured in this study dis-
played a similar stability.
Seed number and seed abortion
In order to improve the understanding of resource allo-
cation in the mother plants in response to salinity, the
seeds of individual fruits from each line and treatment
were sorted according to maturity and counted (see
Methods section). Only two lines, IL5-4 and IL7-4, had
a significant difference in total seed number in SDS vs.
SDF. The number of mature seeds per M82 fruit was
significantly (p < 0.01) reduced, by nearly 50%, in SDS
compared to SDF (Fig. 1). M82 also had a significant re-
duction in maturation percent, which was calculated as
the number of mature seeds out of the total seed num-
ber, in SDS compared to SDF. All but one IL displayed a
lower maturation percentage in SDS than in SDF, 13 of
which were significant. Therefore, all lines were bulked
for statistical analysis of the salinity effect in order to
improve statistical power (Fig. 1). The bulked analysis
confirmed that the decrease in the number of mature
seeds and the increased number of aborted seeds per
fruit was a significant (p < 0.0001) response to salinity
displayed across the population. The numbers of aborted
seeds per fruit in M82 was higher than the population
average in both growth conditions. The number of ma-
ture seeds per fruit in M82 was slightly higher than the
population average in SDF, but substantially lower than
the average in SDS, reflected in a greater drop in matur-
ation percentage for the control line. In contrast, the
seed weight of M82 was close to the average weight of
the ILs, and the total variation (presented by the error
bars in Fig. 1) was small relative to the variation in both
mature and aborted seed numbers.
Among SDF, 28 ILs had significant (p < 0.01) differences
in maturation percentage compared to M82 (Additional
File 1: Table S3), all of them showing increased maturation
percentages ranging from 1.12- to 1.17-fold over M82. In
SDS, all but one (IL8-1-1, which had a 0.9-fold decrease)
of the 16 significantly differing ILs had increased
(1.13–1.64 fold-change) maturation percent compared
to M82. The ILs with a significant increase of matur-
ation percent in both SDS and SDF (IL2-6, IL2-6-5,
IL5-1, IL6-4, IL10-1-1, IL10-2 and IL11-4-1) likely indi-
cate potential QTLs for genetic regulation of this trait.
All lines with significant differences between SDS and
SDF displayed an increase in aborted seed number, a
decrease in mature seeds and, therefore, a reduction in
maturation percent.
Following these findings, we hypothesize that within
fruit competition, particularly under salinity stress, leads
to abortion of part of the potential seeds to enable the
remaining ones to develop to full maturity in order to
maintain the typical, genetically determined, average
seed weight to preserve seed quality when resources are
limited. To elucidate whether the conservation of seed









































Fig. 1 Seed weight and numbers in response to salinity. Whole
population maturation percent (a), average seed weight in grams
(b), number of mature seeds per fruit (c) and number of aborted
seeds per fruit (d) are presented by the bars. Corresponding average
levels of M82 are noted by black horizontal lines. Error bars:
standard error
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the metabolite profile was evaluated by GC-MS, and ger-
mination trials were conducted.
Metabolic effects of salinity
The relative content of soluble primary metabolites in
the whole mature dry seed was determined by GC-MS.
In samples from the whole population, 65 metabolites
were annotated and quantified. Only annotated metabo-
lites were included in the analysis. Among the metabo-
lites that were annotated were amino acids, sugars,
nitrogen containing metabolites, TCA cycle intermedi-
ates, organic acids and others that do not fall into these
categories.
The difference in relative metabolite content (RMC) in
the dry seed between SDS and SDF of each line was ex-
amined by a t-test for each line for the first season.
Overall, 53 significant (p < 0.01) differences in RMC be-
tween SDS and SDF were detected out of 5153 pairwise
comparisons (Table 2). The low number of significant
changes may be due to the variability between replicate
experimental plots, or due to an inherent resilience of
seed metabolism to environmental factors associated
with robust seed features, i.e., seed weight. No metabol-
ite class had a distinct representation in the differences
detected. Fructose, 2-hydroxyglutarate and dopamine
each had significant changes in three ILs, while other
metabolites differed significantly in one or two lines.
Increased abundance in response to salinity treatment
in M82 was observed for asparagine, cysteine, ferulate,
γ-amino butyric acid (GABA) and methionine, but
monomethylphosphate (MMP) had a 2-fold decrease.
IL3-2 had the highest number (10) of significant (p < 0.01)
changes in metabolite content of SDS compared to SDF.
In this IL, aspartate increased and nine other metabolites
(4-hydroxybenzoate, fructose, 2-hydroxyglutarate, Isoleu-
cine, lactate, methionine, arginine, lysine and valine) de-
creased in SDS. IL2-1 had a decrease in GABA and an
increase in nicotinate, alloinositol and dopamine. IL12-3
and IL2-4 displayed three instances of significantly chan-
ged metabolite abundance between treatments. Other ILs
had two or fewer significant differences.
Seed putative metabolic QTLs in SDF (f-QTLs), SDS (s-QTLs)
and fold-change (FC)-QTLs
Potential loci for metabolite regulation were examined
by comparing the RMC of each IL to M82 of seeds from
plants grown under the same conditions. In SDF, 94 sig-
nificant (p < 0.05; Bc: Bonferroni correction) differences
were found between the ILs and M82. Chromosomes 1, 2
and 9 stand out in having many putative QTLs (Additional
File 1: Table S4). The ILs showing the most abundant
metabolite changes in comparison to M82 were: IL1-2
(11 f-QTLs), IL2-1-1 (8 f-QTLs) and IL9-2 (10 f-QTLs).
The results for SDS (Additional File 1: Table S5) suggest
99 putative QTLs (p < 0.05, Bc). The most distinct ILs with
many putative QTLs in the salinity treatment were IL2-1
(8 s-QTLs), IL2-1-1 (7 s-QTLs), IL2-1-1 also had a notable
number of QTLs in SDF, IL3-2 (7 s-QTLs), IL3-4 (11 s-
QTLs), and IL8-1-3 (8 s-QTLs).
In both SDS and SDF, a conserved relation between
co-located putative QTLs of amino acids and other ni-
trogen compounds was found (Additional File 1: Tables
S4-S5). For example, when most protein amino acids in-
crease in abundance, GABA and ornithine increase as
well, but urea and dopamine display a reduction, and
vice versa. It is noteworthy that simple sugars (glucose,
fructose, arabinose and sorbitol-sugar alcohol) frequently
have joint QTLs, indicating putative loci of a shared
regulation mechanism. In the present experiment, su-
crose did not share QTLs with simple sugars, contrary
to the findings by Toubiana et al. [25], which might sug-
gest an environmental contribution to the sucrose level
in seeds. In general, there was little overlap in specific
putative QTLs between the separate treatment maps
(Additional File 1: Tables S4-S5). However, chromo-
somes 1, 2 and 9, having several QTLs in both SDS and
SDF maps, appeared to be important regulatory regions
for seed metabolism (e.g., IL2-1-1). The strength of the
IL2-1-1 QTL is enforced by matching s-QTLs for pro-
line and methionine found in IL2-1 whose introgression
segment contains that of IL2-1-1.
In order to locate the putative QTLs controlling the
response to seed development under salinity, the FC of
the RMC in SDS over SDF of each metabolite in each IL
was compared to the respective FC of M82. A total of
167 putative QTLs for the metabolic response to salinity
were detected (Fig. 2). The metabolites with the highest
number of FC-QTLs were dopamine (11), urea (7), fruc-
tose (5) and ferulate (6). The ILs showing the highest
number of significant (p < 0.05, Bc) differences in metab-
olite FC, compared to the M82 FC, were IL1-4-18 (15
FC-QTL), IL2-1 (8 FC-QTL), IL3-2 (10 FC-QTL) and
IL3-4 (11 FC-QTL). The many FC-QTL and s-QTLs in
IL3-2 and IL3-4 stand out in opposition to the few QTLs
in SDF. The repeated metabolic alteration measurements
in response to salinity in these lines suggest a noteworthy
stress response element harbored in their introgression
segments, which influences seed metabolism.
Germination
In order to investigate the implication of the seed me-
tabolite content and developmental conditions on ger-
mination vigor, three measures were quantified: (i) final
germination percent, (ii) day of 50% germination (T50),
as a measure of germination rate, and (iii) standard devi-
ation of germination day within an experimental plate
(SD-plate) as a measure of germination uniformity. There
was a general correspondence and a significant (p < 0.0001)
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correlation between the three measures (Figs. 3 and 4).
Germination percent was negatively correlated to T50
(r = −0.47, SDF; r = −0.51, SDS) and SD-plate (r = −0.54,
SDF; r = −0.56, SDS). This shows that plots (each field
plot consisting of four plants from which seeds were
pooled) with a high germination percent tended to have
a lower T50 and, thus, a faster germination rate and a
low SD within the plates, resulting in more uniform
germination. Plots displaying such traits would be con-
sidered to have high seed vigor. T50 and SD-plate were
found to be positively correlated to each other (r = 0.59,
SDF; r = 0.65, SDS). Despite the general correspondence,
differences between the germination traits in QTLs and
response to growth conditions were found.
Most ILs displayed no significant differences in ger-
mination in SDS compared to SDF. M82 and IL6-1 had
a significant (p < 0.05) increase in T50 in SDS compared
to SDF, and IL2-5 and IL11-4 had significant decreases
in germination percent (Table 3), thus reflecting the re-
duced vigor of SDS. IL1-1-3 showed a decrease in T50,
as well as an increase in germination percent. Additionally,
IL2-1-1, IL3-4 and IL8-3-1 had a significantly increased
germination percent in SDS, indicating improved seed
vigor. IL4-1, IL7-4 and IL12-1 all had reduced SD-plate in
SDS. It is noteworthy that despite the statistically signifi-
cant differences, the extent of change in germination per-
cent was mild and ranged from a 7% decrease to an
increase of 14% in SDS compared to SDF. The impact of
salinity on T50 and SD-plate was more severe, with two-
day changes in T50 and reductions to 48-58% in SD
within the plate, in the lines with significant differences.
A higher number of significant differences in germin-
ation were seen in the comparison of the ILs to M82
(Table 4). In SDF, three ILs (IL1-1-3, IL3-4 and IL9-2-6)
had a significantly lower germination percent compared to
M82 and eight ILs (IL2-1-1, IL2-6, IL6-4, IL7-1, IL7-5-5,
Table 2 Metabolites significantly differing in SDS compared to SDF
RMC RMC
Line Metabolite SDF (se) SDS (se)
IL3-2 Lactate 1.263 (0.17) 0.444 (0.04)*
Isoleucine 1.123 (0.05) 0.683 (0.03)**
Valine 1.384 (0.25) 0.439 (0.06)*
Methionine 1.321 (0.21) 0.265 (0.06)*
Aspartate 0.522 (0.07) 1.804 (0.1)**
2OH glutarate 2.728 (0.78) 0.510 (0.12)*
4OH benzoate 1.265 (0.17) 0.476 (0.06)*
Arginine 1.646 (0.44) 0.417 (0.02)*
Fructose 0.837 (0.11) 0.343 (0.03)*
Lysine 0.976 (0.17) 0.343 (0.05)*
M82 MMP 1.305 (0.18) 0.632 (0.1)*
Methionine 0.817 (0.12) 1.257 (0.12)*
GABA 0.842 (0.09) 1.292 (0.08)***
Cysteine 0.850 (0.08) 1.294 (0.1)**
Asparagine 0.863 (0.08) 1.143 (0.07)**
Ferulate 0.767 (0.06) 1.429 (0.15)***
IL2-1 Nicotinate 0.642 (0.06) 1.206 (0.11)*
GABA 1.017 (0.21) 0.267 (0.07)*
Alloinositol 0.730 (0.06) 1.149 (0.07)*
Dopamine 0.570 (0.1) 1.898 (0.15)*
IL2-4 Glycerate 0.715 (0.2) 2.520 (0.15)*
Fumarate 0.854 (0.16) 3.347 (0.45)*
Alloinositol 1.767 (0.24) 0.528 (0)*
IL12-3 2OH glutarate 0.611 (0.06) 1.192 (0.09)**
Fructose 0.472 (0.14) 1.953 (0.17)*
Glucose 0.567 (0.09) 1.780 (0.18)**
IL3-1 Succinate 0.520 (0.07) 1.143 (0.12)*
2OH glutarate 0.534 (0.05) 1.598 (0.25)*
IL7-1 Glycerol 0.355 (0.07) 0.968 (0.25)*
Saccharate 1.263 (0.13) 0.579 (0.18)*
IL7-5 Tartarate 0.730 (0.16) 1.777 (0.24)*
Saccharate 1.378 (0.07) 0.655 (0.15)*
IL1-1 Citrate 0.184 (0.03) 1.145 (0.2)*
IL1-1-3 Isoleucine 1.190 (0.08) 0.707 (0.07)*
IL1-3 Gluconate 1.082 (0.11) 1.864 (0.1)*
IL1-4 Glycerol 2 phosphate 0.564 (0.03) 0.873 (0.06)*
IL2-3 Tryptamine 2.284 (0.3) 1.072 (0.06)*
IL3-4 Aspartate 0.686 (0.09) 1.767 (0.27)*
IL3-5 Tyramine 0.965 (0.19) 0.189 (0.24)*
IL4-1-1 Arabinose 0.471 (0.04) 1.151 (0.18)*
IL4-2 Dopamine 0.879 (0.2) 0.199 (0.33)*
IL4-3-2 Galactarate 0.559 (0.04) 1.022 (0.58)*
IL5-3 Cysteine 2.114 (0.12) 1.092 (0)*
Table 2 Metabolites significantly differing in SDS compared to SDF
(Continued)
IL6-4 Arabinose 0.307 (0.06) 0.774 (0.42)*
IL7-3 Dopamine 3.641 (1.01) 0.636 (0.93)*
IL7-4-1 Sorbitol 0.231 (0.03) 1.143 (0.12)**
IL9-1 Alanine 0.476 (0.06) 0.935 (0.44)*
IL9-3 Glucose 2.714 (0.03) 0.628 (0.35)*
IL9-3-1 Arginine 1.832 (0.26) 0.864 (0.13)*
IL11-1 Fructose 0.277 (0.02) 0.497 (0.03)**
IL11-4-1 Glycerol 1.432 (0.17) 0.475 (0.09)**
IL12-2 Alanine 0.415 (0.05) 0.875 (0.05)*
IL12-4 Lactate 0.484 (0.05) 1.315 (0.19)*
The average RMC and standard error (se) in SDS and SDF for lines in which
there was a significant difference between treatments
Asterisks mark significant differences between treatments of *p < 0.01,
**p < 0.001, ***p < 0.0001
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IL8-1-3, IL10-2 and IL11-4) had higher. In SDS, all eleven
ILs (IL2-1-1, IL3-2, IL3-4, IL5-1, IL7-3, IL7-4, IL7-5-5,
IL8-3-1, IL9-2-5, IL9-3-1 and IL12-1) with significant dif-
ferences displayed a higher germination percent than
M82. IL2-1-1, IL3-4 and IL7-5-5 had significant advan-
tages over M82 under both conditions.
Only three ILs (IL6-4, IL7-2 and IL8-1-1) were found
to have significantly lower T50 than M82, and 20 ILs
(IL1-1-3, IL11-4-1, IL2-1, IL2-1-1, IL2-6, IL2-6-5, IL4-1,
IL4-1-1, IL5-5, IL7-5-5, IL8-1-3, IL8-2, IL8-2-1, IL9-1-2,
IL9-2, IL9-2-6, IL10-1, IL11-3, IL12-1-1 and IL12-3) had
T50 higher than M82 for SDF. Two of these ILs, IL11-3
and IL9-2-6, also had higher levels than M82 in SDS.
Additional ILs with elevated T50, compared to M82 in
SDS, were IL3-4, IL4-3-2, IL5-1 and IL6-1. Faster ger-
mination, i.e., lower T50, was found in IL1-4-18, IL7-2
(also in SDF) and IL9-2-5 in SDS. IL1-1-3 had a slower
and lower germination percent than M82 in SDF but
Fig. 2 QTL map of metabolic response to salinity. Metabolites which had significant (p < 0.05, Bc) differences in FC in an IL compared to M82 are
noted in parallel to the genomic location of the introgression segment. Colors represent metabolite class, as indicated
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significantly improved in response to salinity in SDS,
leading to a level similar to M82 in SDF.
For SDF, most differing ILs (12 in number; IL2-1-1,
IL3-5, IL4-1, IL6-1, IL7-4, IL8-1-3, IL8-2, IL9-3, IL9-3-2,
IL10-1-1, IL11-3 and IL12-1) had a higher SD-plate than
M82. IL7-1 and IL8-1-1 had a lower SD-plate in SDF.
IL6-1 and IL10-1-1 and IL4-2 had a higher SD-plate in
SDS. Three ILs had a decrease in SD-plate in SDS: IL2-
1, IL7-4-1 and IL11-3. Interestingly, IL11-3 had a higher
than M82 SD-plate in SDF and a lower one in SDS, but
had a consistently higher T50 in both conditions.
It is noteworthy that IL2-1-1 was the only IL that had
a significantly higher germination percent than M82 for











































Fig. 3 Correlation network of metabolites and germination traits of SDF. Nodes depict metabolites and germination measures. Metabolite nodes
were arranged according to Walktrap communities (also indicated by node shape), and colored by chemical class, as indicated. Edges represent



















































Fig. 4 Correlation network of metabolites and germination traits of SDS. Nodes depict metabolites and germination measures. Metabolite nodes
were arranged according to Walktrap communities (also indicated by node shape), and colored by chemical class, as indicated. Edges represent
significant (p < 0.05, FDR; |r| > 0.4) correlations. Each community was separated according to positive (blue) and negative (red) correlations
Rosental et al. BMC Genomics  (2016) 17:1047 Page 7 of 21
percent for SDS. However, in SDF, both T50 and SD-plate
were also higher. Notably, a high number of significant me-
tabolite differences also characterized this IL compared to
M82 in both conditions (a map with QTLs overlapping in
germination and metabolite traits in SDS can be found in
Additional File 2). IL3-4 had a lower germination percent
than M82 in SDF but had a significant increase in SDS,
leading to an improved germination percent over M82 in
SDS, though at a slower rate. This same IL had a high num-
ber of significant metabolic changes in response to salinity.
These results emphasize the correspondence existing be-
tween genetic and metabolic factors modulating germin-
ation and their interaction with the maternal environment.
Taken together, the analysis of the IL population re-
vealed putative genomic regions (i.e., QTLs) regulating
the measured seed traits. Comparison of the QTL loca-
tions for the various traits and conditions revealed co-
localization of metabolic changes and of changes in ger-
mination traits. Subsequently, multivariate analysis
methods were applied to study the variation and correla-
tions between traits in the population.
Population-wide integrative analysis
Previous studies have shown the potential for using the
intrinsic variation in metabolic content within a popu-
lation for inferring biologically significant correlations
[25, 36]. Here we used a correlation network analysis to
investigate the relations between metabolite co-response
to genetic alteration and to the maternal environment and
the seed germination.
Network analysis revealed a conserved network topology
under various conditions
In order to examine the inter-relations between the
metabolite changes, pairwise correlations of RMC of all
metabolite pairs were calculated for each of the field
conditions. Correlation results from the first season
were used to construct a network for visualization and
for graph-based analysis (Figs. 3 and 4). Metabolite cor-
relations from the second season showed the strongly
correlated groups of metabolites preserved while the
networks had lower connectivity (Additional Files 3
and 4). The significance thresholds (p < 0.05; false dis-
covery rate (FDR): |r| > 0.4) were optimized using graph
theory measures as performed by Fukushima et al. [37].
Significant correlations were depicted as edges between
the nodes, representing metabolites and germination
traits. Only metabolites that had significant correlations
were included in the networks. The network based on
the SDS dataset included 527 significant correlations
connecting 60 nodes (Table 5). The SDS network had a
higher density than the SDF network, which had 301
edges and 55 nodes. The greater interconnectivity of
the SDS network was reflected by a variety of measures,
including a higher average nodal degree and clustering
coefficient, and a lower average path length and net-
work diameter. Networks based on stress conditions
have previously been found to have higher connectivity
than networks based on control conditions in grapevine
[38]. The two networks, based on SDS and SDF, had
more positive correlations than negative ones, a feature
already noted in previous studies [25].
All metabolites were divided into communities using
the “Walktrap” algorithm. Under both growth conditions,
the metabolites formed two large communities with sev-
eral additional small communities. We found that particu-
larly conserved communities in the network tended to
include metabolites sharing a biochemical pathway, indi-
cating a stronger coordination of biochemically related
metabolites, which supports other studies [37, 39].
The first and largest community included most amino
acids, some organic acids and other metabolites. Aspar-
tate and glutamate were usually correlated to each other
and were found to be negatively correlated to the amino
acids of the central cluster. Aspartate and glutamate are
primary precursors for amino acid biosynthesis by transfer
of an amino group to oxaloacetate and 2-oxoglutarate,
respectively ([39]; KEGG). The negative correlations
between the downstream amino acids and aspartate and
glutamate is most likely due to their precursor-product re-
lation in amino acid metabolism [40]. The positive correla-
tions between the downstream amino acids, such as
lysine, threonine and isoleucine for aspartate, and proline
and arginine for glutamate, demonstrate their coordinated
level of biosynthesis.
The second large community included the simple sugars
and most secondary metabolites. The simple sugars (fruc-
tose, glucose and arabinose) were strongly correlated in our
networks, though with more differences between seasons,
Table 3 Germination response to salinity
FC % FC T50 FC SDplate
M82 0.954 1.286* 1.815
IL1-1-3 1.186* 0.615** 0.632
IL2-1-1 1.021* 0.833 0.655
IL2-5 0.931* 1.000 0.936
IL3-4 1.155* 1.000 1.392
IL4-1 1.037 1.000 0.579**
IL6-1 0.724 1.500* 1.349
IL7-4 1.318 0.517 0.584*
IL8-3-1 1.029* 1.000 1.749
IL11-4 0.967* 0.857 1.750
IL12-1 1.010 0.750 0.486*
The ratio of germination measurements in SDS to SDF for lines in which there
was a significant difference between treatments
Asterisks mark significant differences between treatments with the Bcp of
*p < 0.05, **p < 0.01, ***p < 0.001
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Table 4 Putative germination QTLs for SDF and SDS
SDF SDS
% (se) T50 (se) SDplate (se) % (se) T50 (se) SDplate (se)
M82 95.13 (0.89) 2.66 (0.14) 1.00 (0.08) 90.75 (2.75) 3.42 (0.32) 1.82 (0.76)
IL1-1-2 97.33 (1.33) 2.33 (0.33) 0.87 (0.24) 95.94 (2.06) 3.00 (0) 0.92 (0.13)
IL1-1-3 79.24 (4.20)* 5.00 (0.40)*** 1.49 (0.22) 93.94 (1.50) 3.08 (0.07) 0.94 (0.13)
IL1-3 87.03 (6.78) 3.00 (0.57) 0.96 (0.14) 76.75 (16.5) 3.83 (0.44) 1.10 (0.45)
IL1-4 76.04 (23.9) 4.00 (1) 1.63 (0.74) 77.00 (23) 4.25 (1.75) 1.56 (0.74)
IL1-4-18 95.99 (1.14) 2.50 (0.28) 1.08 (0.13) 93.78 (2.32) 2.00 (0)*** 0.73 (0.22)
IL2-1 91.16 (1.73) 3.00 (0)** 0.73 (0.07) 97.33 (0.66) 2.33 (0.33) 0.47 (0.00)***
IL2-1-1 97.91 (0.08)** 3.00 (0)** 1.41 (0.13)* 100.00 (0)* 2.50 (0.5) 0.93 (0.10)
IL2-2 76.52 (10.3) 3.50 (0.56) 1.35 (0.30) 96.00 (1.54) 3.17 (0.30) 0.98 (0.05)
IL2-3 91.33 (1.33) 3.33 (0.33) 1.27 (0.25) 67.74 (NA) 4.00 (NA) 1.62 (NA)
IL2-5 98.67 (1.33) 3.00 (0.57) 1.14 (0.32) 91.87 (1.04) 3.00 (0) 1.07 (0.08)
IL2-6 98.00 (0)** 3.00 (0)** 0.65 (0.11) 91.00 (1) 3.00 (0) 1.50 (0.18)
IL2-6-5 97.21 (1.83) 3.00 (0)** 0.84 (0.22) 97.96 (2.04) 3.00 (0) 1.01 (0.38)
IL3-1 94.00 (6) 2.50 (0.5) 1.44 (0.17) 90.67 (6.56) 3.67 (0.33) 1.05 (0.24)
IL3-2 86.65 (4.40) 3.38 (0.37) 1.28 (0.49) 98.50 (0.95)* 2.00 (0.40) 0.89 (0.16)
IL3-4 85.71 (0.29)*** 4.00 (1) 0.85 (0.29) 99.00 (1)* 4.00 (0)** 1.18 (0.37)
IL3-5 95.97 (1.98) 3.00 (0.57) 1.72 (0.21)* 96.67 (3.33) 3.00 (0.57) 0.87 (0.36)
IL4-1 92.58 (3.29) 3.00 (0)** 2.21 (0.16)*** 95.98 (1.97) 3.00 (0) 1.28 (0.06)
IL4-1-1 97.33 (2.66) 3.00 (0)** 0.89 (0.12) 92.00 (4) 3.50 (0.5) 1.29 (0.38)
IL4-2 98.00 (1.15) 3.00 (0.57) 1.21 (0.36) 49.83 (8.16) 8.25 (2.25) 2.40 (0.22)***
IL4-3 92.67 (7.33) 4.67 (1.20) 1.53 (0.63) 95.00 (5) 3.50 (0.5) 1.21 (0.00)
IL4-3-2 93.93 (2.36) 3.33 (0.33) 1.19 (0.34) 90.67 (6.56) 4.33 (0.33)* 1.32 (0.53)
IL5-1 100.00 (NA) 2.00 (NA) 0.86 (NA) 99.00 (1)* 4.00 (0)** 1.26 (0.19)
IL5-3 92.67 (6.35) 4.00 (1) 1.89 (0.61) 91.00 (1) 3.50 (0.5) 1.11 (0.20)
IL5-4 97.00 (1) 3.25 (0.25) 1.23 (0.18) 98.00 (NA) 4.00 (NA) 1.44 (NA)
IL5-5 97.00 (1) 3.00 (0)** 0.43 (0.11) 92.00 (4) 3.33 (0.66) 1.18 (0.05)
IL6-1 80.00 (8.32) 3.33 (0.33) 1.94 (0.22)** 57.92 (19.6) 5.00 (0)*** 2.62 (0.07)***
IL6-4 100.00 (0)*** 1.68 (0.16)* 1.26 (0.79) 95.33 (2.90) 2.87 (1.10) 0.89 (0.25)
IL7-1 99.33 (0.66)** 2.33 (0.33) 0.65 (0.02)** 100.00 (NA) 2.00 (NA) 0.75 (NA)
IL7-2 96.67 (2.40) 2.00 (0)*** 1.02 (0.12) 94.04 (3.96) 2.00 (0)*** 0.94 (0.35)
IL7-3 82.83 (12.8) 3.00 (1) 1.23 (0.44) 100.00 (0)* 2.50 (0.5) 0.23 (0.22)
IL7-4 75.10 (8.48) 4.83 (1.16) 1.89 (0.05)*** 99.00 (1)* 2.50 (0.5) 1.10 (0.05)
IL7-4-1 98.00 (1.15) 3.00 (0.57) 0.76 (0.14) 96.67 (3.33) 3.33 (0.66) 1.49 (0.02)*
IL7-5 94.67 (2.40) 2.33 (0.33) 1.32 (0.23) 95.92 (4.08) 4.00 (1) 1.68 (1.06)
IL7-5-5 99.00 (1)* 3.00 (0)** 1.22 (0.33) 98.00 (1.15)* 2.67 (0.33) 0.82 (0.16)
IL8-1 96.63 (0.66) 2.33 (0.33) 0.59 (0.13) 90.47 (7.49) 3.00 (0) 1.02 (0.24)
IL8-1-1 98.00 (2) 2.00 (0)*** 0.39 (0.04)* 92.00 (NA) 3.00 (NA) 2.05 (NA)
IL8-1-3 99.33 (0.66)** 3.67 (0.33)* 1.39 (0.03)*** 97.00 (1) 3.00 (0) 0.98 (0.21)
IL8-2 92.00 (3.05) 3.67 (0.33)* 1.52 (0.18)* 96.67 (0.66) 3.00 (0) 0.93 (0.41)
IL8-2-1 96.00 (4) 3.00 (0)** 1.00 (0.18) 95.16 (0.71) 2.67 (0.33) 1.24 (0.07)
IL8-3 94.44 (5.55) 3.00 (0.57) 1.04 (0.42) 97.92 (2.08) 3.00 (0) 1.23 (0.72)
IL8-3-1 97.22 (0.61) 2.33 (0.33) 0.58 (0.13) 100.00 (0)* 2.33 (0.33) 1.01 (0.23)
IL9-1 95.57 (1.59) 2.40 (0.24) 0.98 (0.22) 75.00 (8.37) 3.40 (0.48) 1.65 (0.30)
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as previously described [25]. For fructose and glucose, it is
not surprising given their related metabolic pathway and
utilization. Arabinose, however, is not known to share its
metabolic pathways (KEGG, PlantCyc: [41]), but it was
closely correlated to the hexoses in both growth conditions
of the first season. The finding that sucrose is not immedi-
ately correlated to the simple sugars may be surprising, but
has been seen previously [42]. Secondary metabolites of the
phenylpropanoid biosynthesis pathway (KEGG; cinnamate,
ferulate, caffeate) were consistently correlated and clustered
in the second community. They were also positively corre-
lated to their precursor phenylalanine, which was clustered
in the central amino acid community. Phenylalanine prod-
ucts in other pathways, benzoate and salicylate, were nega-
tively correlated to them. This is possibly a sign of
competition between the pathways.
In the network based on SDF, a third community was
formed of alloinositol, galactinol, salicylate, threonate,
glycerol-3-phosphate and glycerol-2-phosphate. In the
SDS network, these metabolites (excluding glycerol-2-
phosphate) were interlinked with those of the second
community and formed one community.
Each of the two large communities included metabolites
with both positive and negative correlations. In order to
better explore the landscape of relations among the me-
tabolites, each community in the network was divided into
subsets of metabolites positively correlated to each other
Table 4 Putative germination QTLs for SDF and SDS (Continued)
IL9-1-2 95.00 (3) 3.00 (0)** 1.49 (0.21) 94.67 (2.90) 3.33 (0.66) 1.73 (0.65)
IL9-1-3 69.12 (6.41) 3.13 (0.24) 1.29 (0.15) 74.56 (13.8) 3.30 (1.15) 1.65 (0.35)
IL9-2 82.67 (11.0) 3.00 (0)** 1.14 (0.19) 93.00 (3) 3.00 (0) 0.64 (0.10)
IL9-2-5 96.00 (2.30) 3.05 (0.62) 0.84 (0.16) 99.00 (1)* 2.00 (0)*** 0.43 (0.16)
IL9-2-6 89.90 (0.10)*** 5.50 (0.5)* 1.90 (0.29) 74.00 (22) 5.17 (0.44)** 1.83 (0.39)
IL9-3 71.54 (13.3) 4.67 (1.45) 1.64 (0.23)* 78.72 (12.9) 4.00 (1.52) 1.39 (0.54)
IL9-3-1 98.00 (2) 2.75 (0.25) 0.81 (0.03) 100.00 (0)* 3.00 (0) 0.98 (0.53)
IL9-3-2 97.33 (2.66) 3.33 (0.33) 1.71 (0.26)* 95.16 (1.82) 3.67 (0.33) 1.85 (0.35)
IL10-1 92.67 (6.35) 3.67 (0.33)* 1.19 (0.30) 94.00 (NA) 3.00 (NA) 1.19 (NA)
IL10-1-1 85.33 (4.37) 4.00 (0.57) 1.70 (0.12)*** 81.33 (6.35) 4.67 (0.88) 2.02 (0.14)**
IL10-2 100.00 (0)*** 2.50 (0.5) 0.93 (0.18) 100.00 (NA) 3.00 (NA) 0.81 (NA)
IL10-2-2 93.33 (6.66) 3.00 (1) 0.92 (0.27) 91.17 (7.85) 3.67 (0.66) 1.19 (0.29)
IL10-3 77.35 (9.03) 3.33 (0.88) 1.91 (0.50) 77.71 (6.28) 5.00 (1) 2.35 (0.67)
IL11-2 90.00 (4) 4.50 (0.5) 1.04 (0.29) 96.67 (3.33) 4.00 (1) 1.45 (0.86)
IL11-3 98.67 (1.33) 4.67 (0.33)** 1.66 (0.09)*** 88.64 (8.34) 5.00 (0)*** 1.73 (0.06)**
IL11-4 100.00 (0)*** 3.50 (0.5) 0.68 (0.09) 96.67 (0.66) 3.00 (0) 1.19 (0.42)
IL11-4-1 92.00 (6) 4.00 (0)*** 1.32 (0.34) 92.67 (6.35) 4.00 (0.57) 1.35 (0.36)
IL12-1 98.00 (2) 4.00 (1) 1.55 (0.06)*** 99.00 (1)* 3.00 (0) 0.75 (0.00)
IL12-1-1 96.96 (0.95) 3.00 (0)** 0.79 (0.23) 90.14 (6.79) 3.00 (0.57) 0.99 (0.11)
IL12-2 91.96 (2.93) 2.77 (0.32) 0.82 (0.10) 88.80 (4.14) 2.44 (0.39) 0.83 (0.14)
IL12-3 89.18 (6.49) 3.67 (0.33)* 1.14 (0.10) 92.00 (NA) 3.00 (NA) 1.01 (NA)
IL12-3-1 96.00 (4) 3.50 (0.5) 1.22 (0.30) 97.92 (2.08) 4.00 (1) 1.18 (0.33)
IL12-4 76.67 (16.3) 4.17 (1.16) 1.80 (0.70) 92.00 (6) 2.50 (0.5) 1.14 (0.13)
IL12-4-1 95.83 (4.16) 3.00 (1) 1.10 (0.44) 94.00 (2) 2.50 (0.5) 0.94 (0.11)
Germination measurements of M82 and ILs with significant differences compared to M82 within the same treatment
Asterisks mark significance levels with the Bcp of *p < 0.05, **p < 0.01, ***p < 0.001
Table 5 Network Attributes
SDF SDS
Number of nodes 55 60
Number of positive edges 223 325
Number of negative edges 78 202
Total number of edges 301 527
Ration edges/nodes 5.472 8.783
Average nodal degree 8.852 15.5
Network diameter 7 4
Network density 0.132 0.231
Average path length 2.319 1.888
Clustering coefficient (transitivity) 0.607 0.643
Attributes of the correlation networks constructed from SDF and SDS seed
metabolite levels
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and negatively correlated to the other subset (Figs. 3 and
4). The positive and negative correlations in the commu-
nities corresponded in a manner that created two overall
metabolite sets. The first metabolite set 1 (ms1), shown on
the lower half of the network graphs, included subsets of
the two communities with positive correlations between
all metabolites. The second metabolite set (ms2), shown
on the upper half of the network graphs, included subsets
of the two communities and additional small communities
with all metabolites positively correlated to each other.
The partition of metabolites into the two sets was consist-
ent between the network graphs of growth conditions and
seasons. Metabolite classes were represented in both sets.
While consistent relations between metabolites within the
same pathways are expected, the conserved nature of posi-
tive and negative relations between metabolites from
seemingly unrelated pathways, such as aspartate, malate,
dopamine and phosphoric acid, was not automatically
expected. The consistency of metabolite partitioning
hints at a fundamental metabolic balance with bio-
logical relevance, which we studied further in relation
to germination.
The seed metabolic profile is related to germination vigor
In order to assess the global effect of dry seed metabolite
levels on germination, the metabolic profiles of all seed
batches evaluated for germination were subjected to
principal component analysis (PCA). SDF plots are
marked with full circles and SDS plots are marked with
empty triangles. Each data point was then colored ac-
cording to the germination value associated with it
(Fig. 5). There was no notable separation between SDF
and SDS plots. With few exceptions, all samples that did
not germinate were grouped together, and the rest of the
samples were dispersed along the x axis (principal com-
ponent 1; PC1) ranging from low germinating seed plots
on the left to high germination plots on the right. The
non-germinating phenotype may have resulted from
post-harvest stress. The PCA and the false-scale coloring
of the samples demonstrate a link between the seeds’
metabolic profile and their germination ability.
The metabolites that had the highest contribution to
the variance in PC1 included methionine, proline, lysine,
uracil, leucine and GABA. The second component (PC2)
showed a separation between non-germinating and ger-
minating seeds. PC1 and PC2 explained 28% and 10%
of the variance, respectively. In PC2, glucose displayed
the most negative eigenvalue, and dopamine, galactinol,
threonate and tyramine had the most positive (i.e.,
higher in germinating seeds).
The K- means clustering (KMC) method (tMeV; [43]),
based on RMC, was next applied to the dataset. The inclu-
sion of non-germinating (0% germination), intermediate-
germinating (1–94%) and well-germinating (95–100%) plots
in each cluster was tested by chi-square. There was a sig-
nificant (p < 0.0001) differential distribution of the germin-
ation groups between the three metabolite-based clusters
(Fig. 6) compared to their distribution in all plots. Cluster 1

























Fig. 5 PCA of seed metabolic content with germination percent. PCA of metabolic content of the seed distinguishes between poorly and highly
germinating seeds, but not between SDF and SDS. Dots are located on axis according to PCA of primary metabolite content. Full circles
represent SDF and empty tringles represent SDS. Dots are colored by final germination percentage, as indicated
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contained all but three of the non-germinating plots and
was significantly enriched in this germination group
(51.43% compared to 9.7% of all sampled plots). The cluster
analysis validated the PCA and network analysis. For in-
stance, metabolites that had low abundance in cluster 1
were from ms2 and were the same metabolite with the
most positive eigenvalues in PC2, which separated non-
germinating from germinating seeds. The second cluster
was significantly dominated by well-germinating plots,
which made up 74.77% of this cluster, compared to 51.49%
of all sampled plots. The RMC pattern of this cluster gener-
ally opposed the patterns found in cluster 1. For example,
the amino acids of the central module in ms1 were in low
abundance and the metabolites of ms2 had high levels. The
third cluster comprised 64.41% of the intermediate-
germinating plots (compared to 38.81% of all sampled
plots) and 34.75% well-germinating seeds. The metabolites
with the lowest levels in this cluster were glucose, fructose,
arabinose and urea. The central amino acids and nitrogen
containing compounds of ms1 were found in high abun-
dance in this cluster.
T-tests were performed to identify the metabolites that
were significantly (p < 0.05; Bcp: Bonferroni correction
permissive) different between the well-germinating and
non-germinating plots (Fig. 7), and the results confirmed
the PCA, the KMC and the network communities group-
ing. Glucose showed a 5.2-fold significantly higher RMC
in non-germinating plots than in well-germinating plots.
The other metabolites from the second community of
ms1 (Fig. 7c) also displayed high differences between non-
germinating seeds and all levels of germinating seeds; for
example, arabinose, uracil, cinnamate, fumarate, fructose
and methionine had more than 3-fold higher RMC levels
in non-germinating seeds. The amino acids and other me-
tabolites from the first community of ms1 (Fig. 7b) dis-
played a different pattern in which plots with intermediate
levels of germination had intermediate RMC levels. Me-
tabolites of ms2, such as threonate, galactinol, MMP and
dopamine, were significantly lower in non-germinating
seeds. For this group, most metabolites had intermediate
levels in intermediate-germinating seeds (Fig. 7a).
Metabolite-germination correlations were consistent with
the metabolite correlation sets
In order to study the relation between metabolites and
germination, germination traits were integrated into the
network analysis (Figs. 3 and 4). All the metabolites with
negative correlations to germination percent or positive
correlations to T50 or to SD plate were grouped in ms1
under both growth conditions. The metabolites with the
strongest negative correlation to germination percent
(p < 0.05 FDR, r < −0.4, ordered by r in both networks)
were proline, methionine, leucine and lysine. All metabo-
lites with positive correlations to germination percent and
negative correlations to T50 were within ms2. Metabolites
with the strongest positive correlation to germination per-
cent (p < 0.05 FDR, r > 0.4, ordered by r in both networks)
were threonate, phosphoric acid, malate and glycerol-3-
phosphate. Sucrose was negatively correlated to T50 in
the SDS network and to aspartate and benzoate in the
SDF network. Amino acids and other metabolites from
the first community in ms1 were positively correlated to
T50 and SD-plate, in both networks. No metabolites
had significant negative correlations to SD-plate, in either
network.
Taken together, these results demonstrate a strong
association between the balance of metabolite levels be-
tween ms1 and ms2 and the germination percent and
rate. The four groups of metabolite communities and sets
presented in the network topology represent four major
patterns of association between RMC and germination.
This grouping was reflected in the various types of analyses:
PCA, KMC and RMC comparison in the germination
percentage groups.
Discussion
In the present study, we harnessed the natural variability
of the introgression line population to explore the effects
of genetics and maternal environment on seed traits and
metabolism and the latter’s implications on germination.
We identified putative genetic loci for tomato seed qual-
ity traits and metabolism, in response to different mater-
nal environments. We further showed that the relative
Fig. 6 Distribution of germination groups among the K-means
clusters. Plots tested for germination were clustered according
to their RMCs using K-means clustering. The abundances of
non-germinating, intermediate germination (5–95%) and
well-germinating (95–100%) plots are indicated in black, gray
and white, respectively
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levels of metabolites in the dry seed can indicate the ger-
mination potential of the seed.
S. pennelli has much lighter seeds than the cultivated
tomato M82 [35], and seed weight varied across the
population. ILs displayed consistent differences in seed
weight, demonstrating the same trend under different
conditions (treatments and seasons). These results and
the tight genetic control of the trait are in line with earl-
ier works in intercrossed populations [44, 45]. The in-
verse relation between seed number and size has been
long known both across species [46] and within the
same species [45]. However, when resources are limited,
a plant tends to reduce seed number while maintaining
seed weight [47]. Seed weight may also be affected under
severe stress [48, 49]. The environmentally induced
abortion of seeds after seed set, as shown in our study,
in place of producing fewer ovules, is a known strategy
among plants [50] to regulate seed number for resource-
expensive seed filling [51]. In our study, saline conditions
affected seed number but not seed weight. Likewise, indi-
vidual fruit weight was less affected than fruit number by
the salinity stress. Still, overall fruit yield was negatively
affected by salinity in all ILs, as was fresh vegetative
weight in most ILs (Perelman, unpublished observa-
tions). The stability of seed weight in all lines, amid the
environmental perturbation, points to its fundamental
evolutionary advantage.
Several reports have suggested a positive relation be-
tween seed size, emergence [52, 53] and seeding vigor,
especially under stress conditions [54]. Indeed, Khan et al.
[44] found that seed weight in a tomato recombinant in-
bred line (RIL) population was correlated to seedling vigor
measurements, but not to germination percentage, T50
and uniformity, which is similar to our findings. We hy-
pothesized that maintaining seed weight leads to conser-
vation of seed quality and germination vigor. This
hypothesis was supported by the relatively low number of
significant metabolic changes in the seeds and the overall
moderate germination differences in response to salinity.
Nevertheless, among those seeds that reached maturation,
no clear relation was found between seed weight and
either metabolic content or germination vigor traits,
suggesting the occurrence of a threshold at which other
determinants come into play.
The stability of multiple QTLs for seed weight under
varying conditions suggests the important role of seed
Fig. 7 Seed RMC by germination groups. Plots tested for germination were divided according to level of germination into non-germinating
(0% germination), intermediate germination (5–95%) and well-germinating (95–100%), indicated in black, gray and white, respectively. The
RMC of each germination group is presented, for metabolites that significantly (p < 0.05, Bcp) differed in RMC between non-germinating and
well-germinating plots. a Metabolites of ms2. b Metabolites of ms1 of the first community. c Metabolites of ms1 of the second community.
Error bars represent standard error
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weight (and vigor) in plant evolution. Low levels of QTL
co-localization for seed size, seed numbers and matur-
ation percent were also observed (e.g., IL7-4-1, IL8-3-1
and IL11-4-1). The maturation percent of IL7-4-1 was
reduced by salinity, but the maturation percent of the
other ILs was not. Study of this introgression may lead
to improved understanding of this trait’s regulation by
the environment.
Germination QTLs and the effect of maternal growth
conditions
The germination of tomato seeds in saline conditions has
been widely studied [27–29]. However, to our knowledge,
no record is available on the germination of tomato seeds
matured under different environmental or stress conditions.
Trans-generational stress implications have been studied in
other species. Lower germination was found for soybeans
from a mother plant grown under conditions of severe
drought and high temperature [48] and in leaf removal ex-
periments in radish [55]. It has been shown in numerous
studies that environmental conditions, such as temperature,
light [56] and possibly others, during lettuce seed matur-
ation have an effect on seed germination and plant growth.
Lettuce seeds that developed at higher temperatures had re-
duced weight but germinated at higher percentages [57],
specifically under higher than optimal germination
temperatures [58, 59]. In Arabidopsis, temperature dur-
ing development was found to have a strong influence
on germination [33, 34], and higher light intensity,
photoperiod, nitrate and phosphate also increased ger-
mination under stress conditions [32]. These studies
demonstrate the positive and negative effects of maternal
stress on offspring.
Despite the fact that S. pennelli is known as being
more tolerant to stress than cultivated tomato variety
M82 [28], QTLs conferring either higher or lower ger-
mination compared to M82 were found in both SDS and
SDF. Other studies have found evidence of what could
be considered transgressive segregation whereby alleles
from the “tolerant” parent can contribute to an unex-
pected “sensitive” phenotype [24, 60–63]. A number of
germination QTLs were found under both conditions,
indicating independent genetic factors influencing ger-
mination, while other QTLs were detected only under
one condition, suggesting environmentally responsive
QTLs. Examples are present in the introgression seg-
ments IL1-1-3, IL2-1-1, IL3-4 and IL8-3-1, which had
improved germination and IL2-5, IL6-1, IL11-4, which
showed reduced germination in SDS compared to SDF.
ILs that did not differ in germination, compared to M82,
in SDF but did in SDS are potential candidates for har-
boring loci of maternal environmental response.
Consistency was observed between the QTLs for ger-
mination found in the present study and QTLs previously
identified using an S. esculentum and S. pennelli cross F2
population [60]. However, less overlap was observed when
comparing our data with the germination QTLs from an
S. esculentum and S. pimpinellifolium (accession LA722)
back cross (BC) 1 population [64]. This demonstrates the
influence of different parental allelic variation on QTL de-
tection, and the benefit of using multiple parents for QTL
mapping [63].
QTLs related to germination from seeds developed in
different maternal environments have been identified in
a lettuce RIL population [65]. QTLs’ underlying mater-
nal environmental effects on dormancy and germination
have also been studied in Arabidopsis [66]. A study on a
combination of near-isogenic lines (NIL) and mutant
Arabidopsis lines showed that the ABA-related genes
DOG1 and cyp707a1 mediate the influence of various
developmental conditions on dormancy and germination
[32]. In addition, the expression of FLOWERING LOCUS
T in silique tissue was found to convey the effect of mater-
nal growth temperatures on seed germination [34].
Possible mechanisms of the trans-generation “stress im-
print” include the accumulation of resistance-conferring
proteins, the induction of stress response transcription
factors and epigenetic modifications [67, 68]. These envir-
onmentally induced factors are preserved in the dry seed
and influence germination. Similarly, during seed matur-
ation and desiccation changes in metabolic gene tran-
scripts, proteins and metabolites that are preserved in dry
seeds are functionally involved in modulating germination
[9, 69–72]. The high number of metabolite-germination
correlations found suggests that primary metabolites
could play a role in mediating the effect of maternal
growth conditions on seed germination.
Metabolic response to salinity
We observed little alteration in seed metabolites in re-
sponse to stress; only 1% of the RMC comparisons be-
tween SDS and SDF showed statistical significance. This is
in contrast to previous studies on the effect of salinity on
tomato pericarp metabolites [73, 74] and of temperature
and nitrogen on Arabidopsis seeds [75]. Nevertheless, it
has been shown that different parts of the plant, even
different parts of the fruit, can have different metabolic
responses to salt stress [73]. Supported by the higher
broad-sense heritability found in seed metabolic traits,
as opposed to fruit metabolic traits [25], these results
further indicate the highly preserved traits amid envir-
onmental perturbations in seeds compared to fruit. Of
the RMC comparisons that did change in response to
the maternal environment, some were found in M82
seeds and a number were found in ILs seeds. In M82,
all metabolites displaying increased RMC in SDS, compared
to SDF, clustered to ms1 (such as methionine, GABA, cyst-
eine, asparagine and ferulate). The accumulation of ms1
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metabolites in SDS was found also in the few ILs that, like
M82, had reduced germination in SDS, whereas metabo-
lites with a decreased abundance in response to salinity in
these ILs were clustered to ms2. ILs with improved germin-
ation in SDS had the opposite pattern, an increase in me-
tabolites from ms2 and a decrease in ms1. Taken together,
these results demonstrate that changes in the metabolite
sets are accompanied by differences in germination and
validate our hypothesis of a metabolic imprint in seeds
conferring effects on germination.
Metabolic relations to germination
The most remarkable finding from the data analysis was
that the metabolic network could be divided into two
opposite sets, ms1 and ms2, which show complete cor-
respondence to the germination measures. All metabo-
lites with positive correlations to germination were in
ms2, while all metabolites with negative ties were in
ms1. The division of metabolites into the two balanced
sets, based on positive correlations to metabolites within
the same set, was conserved throughout the four examined
networks (salinity conditions and seasons). The unequivo-
cal relation between ms1 and ms2 and germination in
the additional analysis methods emphasizes its biological
significance.
Correlations do not necessarily imply a cause and ef-
fect relationship, but it may be suggested that the levels
and proportions of some metabolites in the seed affect
processes required for germination. Allen et al. [76] sug-
gested that metabolites may play a regulatory role over
gene expression, resulting in correlations between me-
tabolites and between metabolites and gene expression.
Alternately, metabolite accumulation or depletion can be
an outcome/byproduct of processes the seed underwent,
which also affects germination ability; for example, it
may represent a defined metabolic status of different
levels of after-ripening or dormancy. Nevertheless, we
will attempt to discuss the possible link between some
specific metabolites and germination.
Amino acids of the central network module were
negatively correlated to germination. Free amino acids are
known to act as substrates for energy production in early
germination stages [10, 13, 77–79], hence the results were
not expected. They also provide nitrogen resources and
amino acids readily available for protein synthesis, which
is required for germination [2, 80]. Nevertheless other
studies that harnessed the balance of given amino acids,
specifically in the seeds, showed that accumulation of me-
tabolites such as methionine, lysine and GABA can lead to
decreased germination [13, 81, 82]. External applications
of several amino acids also significantly reduce germin-
ation of lettuce and broomrape, and have been suggested
as a means of biological control [83, 84]. A possible
explanation for the phenomenon is that higher levels
of specific amino acids could deplete the level of other
metabolites important for the advancement of germination.
For example, in KD mutants where lysine catabolism is
blocked by siRNA, the mutants display lysine accumulation
and deficient germination [13], in accordance with the
negative correlation between lysine and germination found
here. Lowered levels of TCA cycle metabolites in the KD
mutant suggest that lysine accumulation interferes with
germinating seeds’ energy production via the TCA cycle.
Alternatively, a regulatory link between metabolites and
gene expression might also be hypothesized. For example,
in the seed-specific gad1 Arabidopsis transgenic lines that
accumulate GABA, the major regulatory gene of germin-
ation, DELAY OF GERMINATION1 (DOG1), was among
the few genes significantly induced [82]. Recent studies
have found DOG family genes to be involved in the
germination and dormancy response of seeds to maternal
environment [32].
Methionine was one of the metabolites most negatively
and strongly correlated to germination in our study. It has
been found to strongly inhibit germination in lettuce [83].
In some studies, high methionine levels in seeds were
found to be a limiting factor for the synthesis of sulfur-rich
proteins [81], inhibiting germination. Only a few successful
attempts at increasing methionine content in storage pro-
tein led to normal germination [85] or mild reduction [86].
In Arabidopsis, de novo methionine biosynthesis is required
for germination [87]. When the methionine biosynthesis
pathway was blocked, germination was greatly reduced and
seedlings did not reach establishment. A possible mechan-
ism for this negative correlation is the inhibitory effect that
S-adenosylmethionine (AdoMet), a product of methionine
catabolism, has on cystathionine γ-synthase, an enzyme
in the early stages of its biosynthesis pathway [88]. Fur-
thermore, AdoMet induces precursor allocation to
other pathways [2], thereby perhaps reducing the produc-
tion of essential metabolites, such as methylation compo-
nents and ethylene that are products of the methionine
pathway. While the relation between the alteration in me-
tabolite level and the induction of regulatory genes needs
to be elucidated, these studies demonstrate the inhibitory
effect of unbalanced amino acid metabolism in seeds on
germination.
Notably, the N-containing metabolites dopamine and
urea were, in ms2, positively correlated to germination. In
plants, dopamine is part of catecholamine biosynthesis
from tyrosine (plantCyc: [41]). It has been found in low
amounts in tomato and in other plant species [89, 90].
Catecholamines and dopamine increase stress tolerance,
which can be attributed to dopamine’s high antioxidant
potency [90, 91]. In addition, it was found to improve rice
germination under salinity [92]. Indeed, in this study,
dopamine was 3.9 times higher in well-germinating seeds
than in non-germinating seeds. That said, the mechanisms
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underlying a dopamine-positive association with germin-
ation remains unclear. Urea is a product of amino acid ca-
tabolism, and the effect it has on germination has not
been directly studied to our knowledge.
Accumulated amino acids could also reflect the deg-
radation of proteins during development or post-harvest,
leading to defective germination. Controlled deterior-
ation and post-harvest stress studies have shown an in-
crease in protein degradation and increased levels of
amino acids and their leakage accompanied by the loss
of germination vigor [93–95]. Nevertheless protein deg-
radation would be accompanied by a general increase in
free amino acids, not in specific amino acids.
Simple sugars, although expected to support germin-
ation as energy sources, were also negatively correlated
to germination. Carbohydrate degradation, accompanied
by the accumulation of simple sugars, has been linked to
poor germination influenced by stress and seed aging
[96, 97]. Glucose utilization has been suggested as a bio-
marker for seed vigor, as its levels were found to be sen-
sitive and to precede any visible growth change in
response to seed aging [98]. Glucose was one of the me-
tabolites with the highest contribution to the separation
of non-germinating seeds and germinating seeds in PCA,
and all simple sugar levels were significantly higher in non-
germinating seeds than in all other germination levels. In
line with our results, glucose has been shown to delay ger-
mination [99], suppress starch degradation in lupine [100]
and rice [99, 101] and starch mobilization [11], as well as
induce ABA production in germinating seeds [11, 101].
The latter likely accounts for the observed inhibition of
seed germination [12]. Interestingly, in mutant Arabidopsis
seeds unable to remove ABA inhibition during imbibition,
ABA signaling was overruled by exogenous sucrose [102],
whose endogenous levels in the present work were found
to have a positive correlation to germination.
Galactinol levels were significantly higher in germinat-
ing seeds and contributed to their separation from non-
germinating seeds in PC2. Galactinol is related to the
raffinose family of oligosaccharides and a precursor in
raffinose biosynthesis from galactose (KEGG). It has
been shown to increase in Arabidopsis seeds developed
under high light intensity, and was correlated to seed
longevity [75]. Transcripts of Galactinol synthase accu-
mulate prior to desiccation in tomato and maize seeds
[103, 104]. Raffinose and similar compounds have been
found to contribute to seeds as energy sources for early
germination [10]. Thus, it is likely that seeds with higher
galactinol levels could provide the germination process
with immediate, easily mobilized energy. In addition, as
a product of galactose, galactinol could accumulate due
to the enhanced cell wall degradation of which galactose
is a byproduct. The metabolite with the strongest positive
association to germination in this study was threonate.
Threonate was more than four-fold higher in well-germin-
ating plots than in non-germinating plots. A product of as-
corbate, threonate also made a high contribution to the
variance in PC2 and had a strong positive correlation to
germination percent. To the best of our knowledge, no pre-
vious study has addressed the effect of threonate on seeds
and germination, although it has been found in seeds
[105, 106]. Together with threonate, malate also dis-
played a positive correlation to germination. A possible
way this metabolite can enhance germination is by
“Perl’s pathway”, first suggested by Perl [107]. In this
pathway, malate and aspartate, both positively related
to germination, are utilized for ATP production in the
early stages of germination [10, 108].
Outstanding ILs
Several ILs stand out with a high number of significant
differences in various traits.
IL1-4-18 displayed many QTLs of FC in RMC in response
to salinity. It also had a QTL for improved germination rate
(Additional File 2) and higher seed weight in SDS. The
corresponding genomic segment was identified as a QTL
affecting tolerance to germination under salinity [60].
IL2-1-1 displayed many metabolic differences com-
pared to M82 in both SDS (Additional file 2) and SDF,
accompanied by several FC-QTLs. IL2-1, whose intro-
gression segment completely contains that of IL2-1-1,
also showed numerous s-QTLs and f-QTL with overlap
in specific metabolite QTLs. It had an improved germin-
ation percent in SDS vs. SDF and a higher percent than
M82 in both conditions. Under both conditions, metab-
olites of ms2 were higher in these ILs than in M82, and
metabolites from ms1 were lower. Also, in SDS vs. SDF,
metabolites of ms2 and ms1 displayed an increase and a
decrease, respectively, further validating how the two
groups relate to germination in specific ILs. The corre-
sponding region to IL2-1 and part of IL2-1-1 have previ-
ously been identified to have a germination QTL [60].
IL3-2 and IL3-4 share many characteristics, as well as
morphological and physiological traits. They also shared
several QTLs of leaf antioxidant content in response to
salinity [74], as well as similar metabolite differences,
compared to M82, in dry seeds [25]. Eshed and Zamir
[18], in the earliest report of the IL population, also
demonstrated similarities in IL3-2 and IL3-4 in their re-
productive traits, fruit mass, Brix°, yield and Brix-yield;
however, they differ in vegetative weight, according to
both Eshed and Zamir and the data collected for this re-
port. Foolad [109] found salinity tolerance during germin-
ation QTLs using RFLP markers corresponding with the
genomic span of IL3-2 and IL3-4. Both ILs had orange
fruit, with color further reduced by salinity, and a lower
number of fruit than M82 in both treatment regimes, as
well as some reduction in fruit weight. Although IL3-2
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had higher fruit Brix° than M82, both ILs had considerably
lower yield measures in all conditions (Perelman, unpub-
lished observations). The number of mature seeds per fruit
was reduced by about half in these ILs compared to M82,
but with no significant difference in seed weight between
lines or growth conditions. In contrast to M82, IL3-4
maintained and even improved its seed germination per-
cent in SDS (IL3-2 had improved germination, but did not
meet the significance threshold). Many s-QTLs and FC-
QTLs in IL3-2 and IL3-4 stand out in opposition to the
few QTLs in SDF. Metabolites that increased by salinity in
these ILs belonged to ms2, and decreased metabolites
belonged to ms1, supporting a relation between seed
metabolic balance in response to salinity and germination.
The consistent similarity and proximal genomic location
may suggest a duplication of a chromosomal segment,
which evolved paralogous genes.
Conclusions
In tomato, seed weight is genetically governed and main-
tained despite moderate stress conditions at the expense
of seed number. The hypothesis that seed weight is con-
served to maintain seed quality is supported by the over-
all weak effect of the environment on seed metabolism
and germination observed. Metabolite profiles were
found to have an unequivocal relation to germination.
We demonstrate that it is not the accumulation of one
metabolite but a metabolic balance between groups of
metabolites that mediates germination. Irrespective of
the origin or effect of primary metabolites on germin-
ation, the multiple analyses demonstrate that there is a
relationship between the dry seed metabolic profile and
the germination ability of the seeds. This suggests a po-
tential for determining a metabolic signature that can be
used for assessing and possibly predicting the germin-
ation vigor of seed batches.
Methods
Plant material and growth conditions
A population of 72 introgression lines (ILs), each con-
taining a well-defined chromosome segment of a wild
tomato species, S. pennellii, in the background of do-
mesticated tomato L. esculentum cultivar M82 [18], was
used. The ILs and their control line M82 were grown in
a field experiment under fresh water (EC = 1.5 dS/m)
and saline water (EC = 6 dS/m) irrigation regimes, dur-
ing two consecutive seasons. Each line had five replicate
plots under each treatment, organized in a split plot (sal-
inity in main plots, genotypes in sub-plots) random
block design. The experiment was conducted in the
Ramat-Negev R & D Facility in the summers of 2010
(season I) and 2011 (season II). For each field plot, seeds
from four plants were extracted, pooled, dried and
stored at room temperature. Seed samples were used for
seed morphology examination, germination tests and
metabolite profiling by GC-MS.
Seed weight and count
Average seed weight was calculated based on seed count
and the exact seed weight used for metabolite extraction.
In season I, seeds from two ripe tomato fruits from each
plot were sorted according to maturity and counted. Ma-
ture seeds were defined as seeds with a hard and slightly
hairy seed coat, with typical seed size, thickness and
color. Other seeds, such as greatly deformed or aborted
seeds, were counted separately. Aborted seeds were
identified by the lack of a hard seed coat and very thin
and light-colored seeds. Dissection of seeds of this de-
scription under a binocular microscope showed they
contained no embryo. The aborted seeds constituted the
great majority of non-mature seeds.
Germination tests
Mature seeds from the season I field experiment, from
both growth conditions, were examined for germination
vigor. The seeds were surface-sterilized in 2% bleach for
10 min and rinsed three times in autoclaved tap water.
Seeds were germinated on three layers of filter paper sat-
urated with water, and the excess water was drained.
The experiment was conducted in a growth room with
16 h of light, 8 h of dark, and a temperature range of
20–25 °C. Each day, the number of seeds that had ger-
minated was recorded. We then calculated the percent-
age of seeds that germinated and the number of days
until 50% (T50) of those seeds germinated, and we de-
scribed the variation in the number of days to germin-
ation within plates using the standard deviation of the
average days to germination within each plate. There
were at least three replicate plates for each line and con-
dition, with 50 seeds per plate.
Metabolite quantification: sample extraction and
derivatization
Mature dry seeds from each four plant plot in the field
experiments were pooled and extracted using a standard
lab protocol. Approximately 50 mg of seeds were ground
using a pre-cooled tissue lyzer (400MM, Retsch, Germany).
In season I, metabolites were extracted from each experi-
mental plot separately, and in season II, seeds of the five
replicate plots were pooled for extraction and analysis. Seed
powder was kept in liquid nitrogen from grinding until
complete immersion in 1 ml of pre-cooled extraction mix.
The mix contained a ratio of 2.5:1:1 (v/v) of methanol,
DDW and chloroform, respectively. A ribitol (Fluka
Analytical) internal standard was dissolved in DDW to
a final concentration of 3.8 mg/ml prior to mixing with
chloroform and methanol. In addition to the mix,
100 μl of pre-cooled methanol was added to the sample.
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The sample was homogenized by vortex and then put in a
shaker (1000 rpm) at room temperature for 10 min,
followed by 10 min in a sonication bath. Next, samples
were centrifuged for 4 min at 14,000 rpm in an Eppendorf
5417 R centrifuge. The supernatant was transferred to a
new test tube and an additional 300 μl of chloroform and
300 μl of water were added. Samples were vigorously vor-
texed and then centrifuged for 2 min at 14,000 rpm. The
top phase was separated and 100 μl was dried in a vacuum
using an Eppendorf concentrator plus for GC-MS analysis.
The dried samples were derivatized prior to GC-MS ana-
lysis. A volume of 40 μl of 20 mg/ml metoxyaminehy-
drochloride (Sigma-Aldrich®) in pyridine was added to the
dried pellet and incubated for 2 h in an orbital shaker at
1000 rpm at 37 °C. An N-methyl-N-(trimethylsilyl) tri-
fluoroacetamide (MSTFA) mix containing time standards
(Alkanes for Thermo GC-MS or fatty acid methyl-esters
(FAMEs) for Agilent GC-MS, 1.2 μg of each FAME) in a
volume of 77 μl was added to each sample and then incu-
bated for an additional 30 min in an orbital shaker at
37 °C. Finally, 1 μl of the derivatized sample was injected
into the GC-MS machine.
Metabolite profiling: CG-MS-qTof analysis
All sample analyses and metabolite quantification were
achieved by using a GC-MS system from Waters Ltd,
which consisted of an Agilent 7683B series autosampler
and injector (Agilent Technologies), an Agilent 7890A gas
chromatograph, and a Xevo™ QTof mass spectrometer.
Sample volumes of 1 μL were injected onto the GC column
with a splitless and split mode ratio of 10:1. GC was per-
formed on a 30-m VF-5 ms column with 0.25-mm i.d. and
0.25-μm film thickness +10 m EZ-Guard (Agilent). Inlet in-
jection temperature was set at 280 °C. The carrier gas used
was helium set at a constant flow rate of 1 ml/min. The
temperature program was 1 min isothermal heating at
70 °C, followed by a 10 °C/min oven temperature ramp
to 350 °C, followed by a final 5 min of heating at 350 °C.
The transfer line temperature was set to 310 °C. The
makeup gas for APGC was nitrogen from tanks at 110 psi.
The MS system used was Xevo™ QTof (Waters MS Tech-
nologies, Manchester, UK) operating in a positive ion
mode. The MS source used was API. Analysis calibration
was obtained using a siloxane mass of 281.05 Da m/z for
lock mass calibration to ensure accuracy and reproducibil-
ity, with a scan time of 0.5 s, a cone voltage of 35 V and a
capillarity of 2 kV. For the samples, the following parame-
ters were used: capillary voltage: +3.1 kV; sampling cone
voltage: 14 V (season II 35 V); extraction cone voltage 4 V;
source temperature: 150 °C; desolvation temperature: 45 °C;
cone gas flow: 11 L/h; desolvation gas flow: 400 L/h; and
collision energy: 6 V. For the MS/MS spectra, collision en-
ergies were set from 10 to 30 V. Detection modes for MS
and MS/MS were: scan ranges from 50–700 m/z. Scan time
was 0.08 s.
Initial peak identification was performed using a
Thermo GC-MS, since structural libraries for analyses of
the Waters machine output are limited. The GC-MS sys-
tem consisted of an AS 3000 autosampler, a TRACE GC
ULTRA gas chromatograph, and a DSQII quadrupole
mass spectrometer (Thermo-Fisher Scientific Ltd). GC
was performed on a 30-m VF-5 ms column with 0.25-
mm i.d. and 0.25-μm film thickness +10 m EZ-Guard
(Agilent). The gradient of injection temperature (PTV)
was from 60 °C to 300 °C at 14.5 °C/s. The transfer line
was set to 300 °C, and the ion source adjusted to 250 °C.
The carrier gas used was helium set at a constant flow
rate of 1 ml/min. The temperature program was 1 min
isothermal heating at 70 °C, followed by a 1 °C/min oven
temperature ramp to 76 °C, followed by a 6 °C/min oven
temperature ramp to 350 °C, and a final 5 min of heating
at 350 °C. The mass spectrometer was tuned according to
the manufacturer’s recommendations using tris-(perfluor-
obutyl)-amine (CF43). Mass spectra were recorded at 8
scans per second with a mass-to-charge ratio of 70 to 700
scanning range, with electron energy of 70 eV. Spectral
searching and peak identification utilized the National In-
stitute of Standards and Technology (NIST, Gaithersburg,
USA) algorithm incorporated in the Xcalibur® data system
(version 2.0.7) against RI libraries downloadable from the
Max Planck Institute for Plant Physiology in Golm (http://
gmd.mpimp-golm.mpg.de/).
Metabolite annotation
Initial metabolite annotation was carried out with sam-
ples run in the Thermo GC-MS using Xcalibur® software
and the “var” and “mainlib” libararies in the NIST soft-
ware. The initial annotation list was compared to sam-
ples run in the Waters GC-MS-Tof using MassLynxTM
software and verified using ChemSpider structural elucida-
tion software online ([110]; http://www.chemspider.com).
For some metabolites, chemical standards were examined
for verification.
Data treatment (normalization) and statistical analysis
Metabolite content quantification was achieved using
MarkerLynx (Waters Ltd.) software. The height of selected
mass peaks was extracted from the program output by a
specifically designed R script. Peak height was normalized
according to seed weight before extraction, the sum of
peaks in the sample, and for each metabolite, to the me-
dian of value of the specific metabolite across samples of
every run (block) separately. The complete normalized
dataset is available in Additional File 1: Table S1. In order
to improve normality, the data was log transformed prior
to statistical tests. Calculation of descriptive statistics,
Rosental et al. BMC Genomics  (2016) 17:1047 Page 18 of 21
t-tests and correlation analysis was performed in R stat-
istical and graphics software v2.14.0 (R core team).
In an attempt to maximize the discovery power of the
statistical test, but avoid false discovery, a permissive
Bonferroni correction threshold was used by applying
the Bonferroni correction for the square-root of the
number of comparisons (√n) on α = 0.05 (p < 0.05, Bcp).
Prior to correlation analysis, missing values were com-
pleted with the “completeObs” function of the R PCA
package [111, 112]. For correlations, the FDR equivalent
of p = 0.05 was used as a threshold. Metabolite and ger-
mination correlation were calculated using Spearman’s
rank correlation [40]. Node communities were calculated
using the Walktrap algorithm in the R “igraph” package
[113]. Significant correlations were transformed into a
graphic network using Cytoscape v3.1.1.
Principal component analysis (PCA) and K-means
clustering (KMC) were obtained using tMeV software
v4.8 ([114]; http://www.tm4.org).
Additional files
Additional File 1: Table S1. Normalized full metabolic dataset. Table S2.
Seed weight in response to salinity for both seasons. Table S3. Putative
QTLs for maturation percent. Table S4. Putative QTLs for RMC in SDF.
Table S5. Putative QTLs for RMC in SDS. (XLSX 882 kb)
Additional File 2: QTL Map of co-localized metabolite and germination
QTLs in SDS. (PDF 230 kb)
Additional File 3: Correlation networks of 2010 for SDF. (PDF 545 kb)
Additional File 4: Correlation networks of 2010 for SDS. (PDF 786 kb)
Abbreviations
ABA: Abscisic acid; AdoMet: S-adenosylmethionine; Bc: Bonferroni correction;
BC: Back cross; DOG1: DELAY OF GERMINATION1; EC: Electrical conductivity;
FC: Fold-change; FDR: False discovery rate; GABA: γ-amino butyric acid; GC-
MS: Gas chromatograph-mass spectrometry; IL: Introgression lines; KMC: K-
means clustering; MMP: Monomethylphosphate; ms1: Metabolite set 1;
ms2: Metabolite set 2; NIL: Near-isogenic lines; PCA: Principal component
analysis; QTLs: Quantitative trait loci; RIL: Recombinant inbreed line;
RMC: Relative metabolite content; SDF: Seeds Developed on plants grown in
Fresh water; SD-plate: Standard deviation of germination day within an
experimental plate; SDS: Seeds Developed on plants grown in Saline
irrigation; TCA: Tricarboxylic acid
Acknowledgments
The authors would like to thank Yonatan Pearlmutter, Diana Ferrando and
the additional individuals who contributed to this study with seed collection
and counting. We would also like to thank Renee Eriksen and Samara Bel for
critical review of the manuscript. YS is the incumbent of the Haim Gvati
Chair in Agriculture.
Funding
Israel Science Foundation (No. 1471/13). The field experiments were
supported by The Israel Ministry of Agriculture and Rural Development, Chief
Scientist Foundation (grant No. 837-0080-10).
Availability of data and materials
The data supporting the findings in this paper can be found in the
Additional Files 1, 2, 3 and 4.
Authors’ contributions
LR: Project coordination. Sampling of tomato seeds. Extraction of seed
metabolites, preparation and running on GC-MS machine. Annotation of
metabolites. Metabolite quantification, normalization and subsequent data
analysis. Germination test preparation and evaluation. Manuscript preparation.
AP: Field experiment design and operation. Measuring of physiological and
agronomical traits and their analysis. Review of manuscript. NN: Extraction of
seed metabolites. Germination test preparation and evaluation. DT: Code (R)
writing for analysis of QTLs and network parameters. Critical guidance in
multivariate data analysis. TS: Extraction of seed metabolites. AB: Multivariate
data analysis and statistics and use of dedicated software tMeV. NS: GC-MS
machine operation and critical guidance on sample preparation and data
evaluation and analysis. YS: Coordination, design and guidance of the field
study, collection of physiological and agronomic traits and their analysis. Review
of manuscript. AF: Coordination, supervision and guidance on all aspects of
metabolite profiling and data analysis, interpretation of the results with LR and
preparation of the manuscript. All authors read and approved the final
manuscript.
Competing interests
The authors declare that they have no competing interests.
Consent for publication
Not applicable.
Ethics approval and consent to participate
Not applicable.
Author details
1The French Associates Institute for Agriculture and Biotechnology of Dryland,
the Jacob Blaustein Institutes for Desert Research, Ben-Gurion University of the
Negev, Sede Boqer Campus, Midreshet Ben Gurion 84990, Israel. 2Robert H.
Smith Institute of Plant Sciences and Genetics in Agriculture, The Hebrew
University of Jerusalem, Rehovot 76100, Israel.
Received: 15 May 2016 Accepted: 5 December 2016
References
1. Bewley JD. Seed germination and dormancy. Plant Cell. 1997;9:1055–66.
2. Rajjou L, Duval M, Gallardo K, Catusse J, Bally J, Job C, et al. Seed
germination and vigor. Annu Rev Plant Biol. 2012;63:507–33.
3. Black MJ, Bewley D. Seed technology and its biological basis. Sheffield:
Sheffield Academic Press Ltd.; 2000.
4. Nonogaki H. Seed dormancy and germination-emerging mechanisms and
new hypotheses. Front Plant Sci. 2014;5:233.
5. Bradford KJ. A water relations analysis of seed germination rates. Plant
Physiol. 1990;94:840–9.
6. Alvarado V, Bradford KJ. A hydrothermal time model explains the cardinal
temperatures for seed germination. Plant Cell Environ. 2002;25:1061–9.
7. Finch-Savage WE, Leubner-Metzger G, Finch-savage WE. Seed dormancy
and the control of germination. New Phytol. 2006;171:501–23.
8. Weber H, Borisjuk L, Wobus U. Molecular physiology of legume seed
development. Annu Rev Plant Biol. 2005;56:253–79.
9. Fait A, Angelovici R, Less H, Ohad I, Urbanczyk-Wochniak E, Fernie AR, et al.
Arabidopsis seed development and germination is associated with
temporally distinct metabolic switches. Plant Physiol. 2006;142:839–54.
10. Rosental L, Nonogaki H, Fait A. Activation and regulation of primary
metabolism during seed germination. Seed Sci Res. 2014;24:1–15.
11. Bradford KJ, Downie AB, Gee OH, Alvarado V, Yang H, Dahal P. Abscisic acid
and gibberellin differentially regulate expression of genes of the SNF1-related
kinase complex in tomato seeds. Plant Physiol. 2003;132:1560–76.
12. Xing Y, Jia W, Zhang J. AtMKK1 and AtMPK6 are involved in abscisic acid and
sugar signaling in Arabidopsis seed germination. Plant Mol Biol. 2009;70:725–36.
13. Angelovici R, Fait A, Fernie AR, Galili G. A seed high-lysine trait is negatively
associated with the TCA cycle and slows down Arabidopsis seed
germination. New Phytol. 2011;189:148–59.
14. Kirma M, Araújo WL, Fernie AR, Galili G. The multifaceted role of aspartate-
family amino acids in plant metabolism. J Exp Bot. 2012;63:4995–5001.
Rosental et al. BMC Genomics  (2016) 17:1047 Page 19 of 21
15. Martínez-Andújar C, Pluskota WE, Bassel GW, Asahina M, Pupel P, Nguyen
TT, et al. Mechanisms of hormonal regulation of endosperm cap-specific
gene expression in tomato seeds. Plant J. 2012;71:575–86.
16. Nonogaki H, Bassel GW, Bewley JD. Germination-still a mystery. Plant Sci.
2010;179:574–81.
17. Dettmer K, Aronov PA, Hammock BD. Mass spectrometry-based
metabolomics. Mass Spectrom Rev. 2007;26:51–78.
18. Eshed Y, Zamir D. An introgression line population of Lycopersicon pennellii
in the cultivated tomato enables the identification and fine mapping of
yield-associated QTL. Genetics. 1995;141:1147–62.
19. Liu Y-S, Zamir D. Second generation L. pennellii introgression lines and the
concept of bin mapping. Report of the Tomato Genetics Cooperative. 1999.
49, 26–30.
20. Lippman ZB, Semel Y, Zamir D. An integrated view of quantitative trait
variation using tomato interspecific introgression lines. Curr Opin Genet
Dev. 2007;17:545–52.
21. Frary A, Nesbitt C, Frary A, Grandillo S, van der Knaap E, Cong B, et al. fw2.2:
A quantitative trait locus key to the evolution of tomato fruit size. Science.
2000;289:85–8.
22. Fridman E, Carrari F, Liu Y-S, Fernie AR, Zamir D. Zooming in on a
quantitative trait for tomato yield using interspecific introgressions. Science.
2004;305:1786–9.
23. Schauer N, Semel Y, Roessner U, Gur A, Balbo I, Carrari F, et al. Comprehensive
metabolic profiling and phenotyping of interspecific introgression lines for
tomato improvement. Nat Biotechnol. 2006;24:447–54.
24. Schauer N, Semel Y, Balbo I, Steinfath M, Repsilber D, Selbig J, et al. Mode of
inheritance of primary metabolic traits in tomato. Plant Cell. 2008;20:509–23.
25. Toubiana D, Semel Y, Tohge T, Beleggia R, Cattivelli L, Rosental L, et al.
Metabolic profiling of a mapping population exposes new insights in the
regulation of seed metabolism and seed, fruit, and plant relations. PLoS
Genet. 2012;8:e1002612.
26. Toubiana D, Batushansky A, Tzfadia O, Scossa F, Khan A, Barak S, et al.
Combined correlation-based network and mQTL analyses efficiently
identified loci for branched-chain amino acid, serine to threonine, and
proline metabolism in tomato seeds. Plant J. 2015;81:121–33.
27. Cuartero J, Fernandez-Munoz R. Tomato and salinity. Sci Hortic. 1999;78:83–125.
28. Jones RA. High salt tolerance potential in Lycopersicon species during
germination. Euphytica. 1986;35:575–82.
29. Foolad MR, Subbiah P, Zhang L. Common QTL affect the rate of tomato
seed germination under different stress and nonstress conditions. Int J of
Plant Genomics. 2007;2007:97386.
30. Foolad MR, Lin GY, Chen FQ. Comparison of QTLs for seed germination
under non-stress, cold stress and salt stress in tomato. Plant Breed.
1999;118:167–73.
31. Donohue K. Completing the cycle: maternal effects as the missing link in
plant life histories. Philos Trans R Soc B: Biol Sci. 2009;364:1059–74.
32. He H, De Souza VD, Basten Snoek L, Schnabel S, Nijveen H, Hilhorst H, et al.
Interaction between parental environment and genotype affects plant and
seed performance in Arabidopsis. J Exp Bot. 2014;65:6603–15.
33. Kendall S, Penfield S. Maternal and zygotic temperature signalling in the
control of seed dormancy and germination. Seed Sci Res. 2012;22:S23–9.
34. Chen M, MacGregor DR, Dave A, Florance H, Moore K, Paszkiewicz K, et al. Maternal
temperature history activates Flowering Locus T in fruits to control progeny
dormancy according to time of year. Proc Natl Acad Sci. 2014;111:18787–92.
35. Orsi CH, Tanksley SD. Natural variation in an ABC transporter gene associated
with seed size evolution in tomato species. PLoS Genet. 2009;5:25–8.
36. Steuer R. Review: on the analysis and interpretation of correlations in
metabolomic data. Brief Bioinform. 2006;7:151–8.
37. Fukushima A, Kusano M, Redestig H, Arita M, Saito K. Metabolomic
correlation-network modules in Arabidopsis based on a graph-clustering
approach. BMC Syst Biol. 2011;5:1.
38. Hochberg U, Degu A, Toubiana D, Gendler T, Nikoloski Z, Rachmilevitch
S, et al. Metabolite profiling and network analysis reveal coordinated
changes in grapevine water stress response. BMC Plant Biol.
2013;13:184.
39. Sulpice R, Trenkamp S, Steinfath M, Usadel B, Gibon Y, Witucka-Wall H, et al.
Network analysis of enzyme activities and metabolite levels and their
relationship to biomass in a large panel of Arabidopsis accessions. Plant
Cell. 2010;22:2872–93.
40. Camacho D, de la Fuente A, Mendes P. The origin of correlations in
metabolomics data. Metabolomics. 2005;1:53–63.
41. Karp P, Paley S, Krummenacker M, Latendresse M, Dale J, Lee T, Kaipa P, et
al. Pathway Tools version 13.0: integrated software for pathway/genome
informatics and systems biology. Brief Bioinform. 2010;11:40–79.
42. Angelovici R, Fait A, Zhu X, Szymanski J, Feldmesser E, Fernie AR, et al. Deciphering
transcriptional and metabolic networks associated with lysine metabolism during
Arabidopsis seed development. Plant Physiol. 2009;151:2058–72.
43. Soukas A, Cohen P, Socci ND, Friedman JM. Leptin-specific patterns of gene
expression in white adipose tissue. Genes Dev. 2000;14:963–80.
44. Khan N, Kazmi RH, Willems LA, van Heusden AW, Ligterink W, Hilhorst HWM.
Exploring the natural variation for seedling traits and their link with seed
dimensions in tomato. PLoS One. 2012;7:e43991.
45. Alonso-Blanco C, Blankestijn-de Vries H, Hanhart CJ, Koornneef M. Natural
allelic variation at seed size loci in relation to other life history traits of
Arabidopsis thaliana. Proc Natl Acad Sci. 1999;96:4710–7.
46. Harper JL. Population biology of plants. London: Academic; 1977.
47. Harper JL, Gajig D. Experimental studies of the mortality and plasticity of a
weed. Weed Res. 1961;1:91–104.
48. Dornbos Jr DL, Mullen RE. Influence of stress during soybean seed fill on seed
weight, germination, and seedling growth rate. Can J Plant Sci. 1991;71:373–83.
49. Vieira RD, TeKrony DM, Egli DB. Effect of drought and defoliation stress in
the field on soybean seed germination and vigor. Crop Sci. 1992;32:471–5.
50. Stephenson AG. Flower and fruit abortion: proximate causes and ultimate
functions. Annu Rev Ecol Syst. 1981;12:253–79.
51. Temme DH. Seed size variability: a consequence of variable genetic quality
among offspring? Evolution. 1986;40:414–7.
52. Moles AT, Westoby M. Seed size and plant strategy across the whole life
cycle. OIKOS. 2006;113:91–105.
53. Willenborg CJ, Wildeman JC, Miller AK, Rossnagel BG, Shirtliffe SJ. Oat
germination characteristics differ among genotypes, seed sizes, and osmotic
potentials. Crop Sci. 2005;45:2023.
54. Khurana E, Singh JS. Influence of seed sze on seedling growth of Albizia
procera under different soil water levels. Ann Bot. 2000;86:1185–92.
55. Agrawal AA. Herbivory and maternal effects: mechanisms and consequences
of transgenerational induced plant resistance. Ecology. 2002;83:3408–15.
56. Contreras S, Bennett MA, Metzger JD, Tay D. Maternal light environment
during seed development affects lettuce seed weight, germinability, and
storability. HortSci. 2008;43:845–52.
57. Gray D, Wurr DCE, Ward JA, Fellows JR. Influence of post-flowering
temperature on seed development, and subsequent performance of crisp
lettuce. Ann Appl Biol. 1988;113:391–402.
58. Sung Y, Cantliffe DJ, Nagata RT. Seed developmental temperature regulation of
thermotolerance in lettuce. J Am Soc Hort Sci. 1998;123(4):700–5.
59. Kozarewa I, Cantliffe DJ, Nagata RT, Stoffella PJ. High maturation temperature
of lettuce seeds during development increased ethylene production and
germination at elevated temperatures. J Am Soc Hort Sci. 2006;131:564–70.
60. Foolad MR, Stoltz T, Dervinis C, Rodriguez RL, Jones RA. Mapping QTLs
conferring salt tolerance during germination in tomato by selective
genotyping. Mol Breed. 1997;3:269–77.
61. DeRose-Wilson L, Gaut BS. Mapping salinity tolerance during Arabidopsis
thaliana germination and seedling growth. PLoS One. 2011;6:e22832.
62. Clerkx EJM, El-lithy ME, Vierling E, Ruys GJ, Vries HB, Groot SPC, et al. Analysis of
natural allelic variation of Arabidopsis seed germination and seed longevity
traits between the accessions Landsberg erecta and Shakdara, using a New
recombinant inbred line population. Plant Physiol. 2004;135:432–43.
63. Galpaz N, Reymond M. Natural variation in Arabidopsis thaliana revealed a genetic
network controlling germination under salt stress. PLoS One. 2010;5:e15198.
64. Foolad MR, Chen FQ, Lin GY. RFLP mapping of QTLs conferring salt
tolerance during germination in an interspecific cross of tomato. Theor
Appl Genet. 1998;97:1133–44.
65. Hayashi E, Aoyama N, Still DW. Quantitative trait loci associated with lettuce
seed germination under different temperature and light environments.
Genome. 2008;51:928–47.
66. Postma FM, Ågren J. Maternal environment affects the genetic basis of seed
dormancy in Arabidopsis thaliana. Mol Ecol. 2015;24:785–97.
67. Bruce TJ, Matthes MC, Napier JA, Pickett JA. Stressful “memories” of plants:
Evidence and possible mechanisms. Plant Sci. 2007;173:603–8.
68. Chinnusamy V, Zhu J-K. Epigenetic regulation of stress responses in plants.
Curr Opin Plant Biol. 2009;12:133–9.
69. Gallardo K, Job C, Groot SP, Puype M, Demol H, Vandekerckhove J, et al.
Proteomic analysis of Arabidopsis seed germination and priming. Plant
Physiol. 2001;126:835–48.
Rosental et al. BMC Genomics  (2016) 17:1047 Page 20 of 21
70. Soeda Y, Konings MCJM, Vorst O, Van Houwelingen AMML, Stoopen GM,
Maliepaard CA, et al. Gene expression programs during Brassica oleracea
seed maturation, osmopriming, and germination are indicators of
progression of the germination process and the stress tolerance level. Plant
Physiol. 2005;137:354–68.
71. Nakabayashi K, Okamoto M, Koshiba T, Kamiya Y, Nambara E. Genome-wide
profiling of stored mRNA in Arabidopsis thaliana seed germination: epigenetic
and genetic regulation of transcription in seed. Plant J. 2005;41:697–709.
72. Angelovici R, Galili G, Fernie AR, Fait A. Seed desiccation: a bridge between
maturation and germination. Trends Plant Sci. 2010;15:211–8.
73. Yin YG, Tominaga T, Iijima Y, Aoki K, Shibata D, Ashihara H, et al. Metabolic
alterations in organic acids and gamma-aminobutyric acid in developing
tomato (Solanum lycopersicum L.) fruits. Plant Cell Physiol. 2010;51:1300–14.
74. Frary A, Gol D, Keles D, Okmen B, Pinar H, Sigva HO, et al. Salt tolerance in
Solanum pennellii: antioxidant response and related QTL. BMC Plant Biol.
2010;10:58.
75. He H, Willems LAJ, Batushansky A, Fait A, Hanson J, Nijveen H, et al. Effects
of parental temperature and nitrate on seed performance are reflected by
partly overlapping genetic and metabolic pathways. Plant Cell Physiol.
2016;57:473–87.
76. Allen E, Moing A, Ebbels T, Maucourt M, Tomos D, Rolin D, et al. Correlation
Network Analysis reveals a sequential reorganization of metabolic and
transcriptional states during germination and gene-metabolite relationships
in developing seedlings of Arabidopsis. BMC Syst Biol. 2010;4:62.
77. Ratajczak W, Lehmann T, Polcyn W, Ratajczak L. Metabolism of amino acids
in germination yellow lupine seeds. I.The decomposition of 14C-aspartate
and 14C-glutamate during the imbibition. Acta Physiol Plant. 1996;18:13–8.
78. Borek S, Morkunas I, Ratajczak W, Ratajczak L. Metabolism of amino acids in
germinating yellow lupin seeds III. Breakdown of arginine in sugar-starved
organs cultivated in vitro. Acta Physiol Plant. 2001;23:141–8.
79. Lehmann T, Ratajczak L. The pivotal role of glutamate dehydrogenase
(GDH) in the mobilization of N and C from storage material to asparagine in
germinating seeds of yellow lupine. J Plant Physiol. 2008;165:149–58.
80. He D, Han C, Yao J, Shen S, Yang P. Constructing the metabolic and
regulatory pathways in germinating rice seeds through proteomic
approach. Proteomics. 2011;11:2693–713.
81. Amir R. Current understanding of the factors regulating methionine content
in vegetative tissues of higher plants. Amino Acids. 2010;39:917–31.
82. Fait A, Nesi AN, Angelovici R, Lehmann M, Pham PA, Song L, et al. Targeted
enhancement of glutamate-to-γ-aminobutyrate conversion in Arabidopsis
seeds affects carbon-nitrogen balance and storage reserves in a
development-dependent manner. Plant Physiol. 2011;157:1026–42.
83. Wilson MF, Bell AE. Amino acids and β-aminopropionitrile as inhibitors of
seed germination and growth. Phytochemistry. 1978;17:403–6.
84. Vurro M, Boari A, Pilgeram AL, Sands DC. Exogenous amino acids inhibit
seed germination and tubercle formation by Orobanche ramosa
(Broomrape): Potential application for management of parasitic weeds. Biol
Control. 2006;36:258–65.
85. Amir R, Han T, Ma F. Bioengineering approaches to improve the
nutritional values of seeds by increasing their methionine content. Mol
Breed. 2011;29:915–24.
86. Matityahu I, Godo I, Hacham Y, Amir R. Tobacco seeds expressing feedback-
insensitive cystathionine gamma-synthase exhibit elevated content of
methionine and altered primary metabolic profile. BMC Plant Biol. 2013;13:206.
87. Gallardo K, Job C, Groot SPC, Puype M, Demol H, Vandekerckhove J, et al.
Importance of methionine biosynthesis for Arabidopsis seed germination
and seedling growth. Physiol Plant. 2002;116:238–47.
88. Chiba Y, Sakurai R, Yoshino M, Ominato K, Ishikawa M, Onouchi H, et al.
S-adenosyl-L-methionine is an effector in the posttranscriptional
autoregulation of the cystathionine gamma-synthase gene in Arabidopsis.
Proc Natl Acad Sci. 2003;100:10225–30.
89. Botnick I, Xue W, Bar E, Ibdah M, Schwartz A, Joel DM, et al. Distribution of
primary and specialized metabolites in Nigella sativa seeds, a spice with vast
traditional and historical uses. Molecules. 2012;17:10159–77.
90. Kulma A, Szopa J. Catecholamines are active compounds in plants. Plant Sci.
2007;172:433–40.
91. Swiedrych A, Lorenc-Kukuła K, Skirycz A, Szopa J. The catecholamine
biosynthesis route in potato is affected by stress. Plant Physiol Biochem.
2004;42:593–600.
92. Abdelkader AF, El-khawas S, El-sherif NASE, Hassanein RA, Emam MA,
Hassan RE. Expression of aquaporin gene (Os PIP1-3) in salt-stressed rice
(Oryza sativa L.) plants pre-treated with the neurotransmitter (dopamine).
Plant Omics J. 2012;5:532–41.
93. Bai B, Sikron N, Gendler T, Kazachkova Y, Barak S, Grafi G, et al. Ecotypic
variability in the metabolic response of seeds to diurnal hydration-dehydration
cycles and its relationship to seed vigor. Plant Cell Physiol. 2012;53:38–52.
94. Galleschi L, Capocchi A, Ghiringhelli S, Saviozzi F. Antioxidant, free radicals,
storage proteins, and proteolytic activities in wheat (Triticum durum) seeds
during accelerated aging. J Food Chem. 2002;50:5450–7.
95. Hendricks SB, Taylorson RB. Variation in germination and amino acid
leakage of seeds with tempereature related to membrane phase change.
Plant Physiol. 1976;58:7–11.
96. Veselova TV, Veselovsky VA, Obroucheva NV. Deterioration mechanisms in
air-dry pea seeds during early aging. Plant Physiol Biochem. 2015;87:133–9.
97. Locher R, Bucheli P. Comparison of soluble sugar degradation in soybean seed
under simulated tropical storage conditions. Crop Sci. 1998;38:1229–35.
98. Abdul-baki AA. Relationship of glucose metabolism to germinability and
vigor in barley and wheat seeds. Crop Sci. 1969;9:732–7.
99. Park M, Yim HK, Park HG, Lim J, Kim SH, Hwang YS. Interference with
oxidative phosphorylation enhances anoxic expression of rice alpha-amylase
genes through abolishing sugar regulation. J Exp Bot. 2010;61:3235–44.
100. Borek S, Kubala S, Kubala S. Regulation by sucrose of storage compounds
breakdown in germinating seeds of yellow lupine (Lupinus luteus L.), white
lupine (Lupinus albus L.) and Andean lupine (Lupinus mutabilis Sweet): I.
Mobilization of storage protein. Acta Physiol Plant. 2012;34:701–11.
101. Lu CA, Lin CC, Lee KW, Chen JL, Huang LF, Ho SL, et al. The SnRK1A protein
kinase plays a key role in sugar signaling during germination and seedling
growth of rice. Plant Cell. 2007;19:2484–99.
102. Holman TJ, Jones PD, Russell L, Medhurst A, Ubeda Tomás S, Talloji P, et al.
The N-end rule pathway promotes seed germination and establishment
through removal of ABA sensitivity in Arabidopsis. Proc Natl Acad Sci.
2009;106:4549–54.
103. Zhao TY, Thacker R, Corum JW, Snyder JC, Meeley RB, Obendorf RL, et al.
Expression of the maize GALACTINOL SYNTHASE gene family: (I) Expression
of two different genes during seed development and germination. Physiol
Plant. 2004;121:634–46.
104. Downie B, Gurusinghe S, Dahal P, Thacker RR, Snyder JC, Nonogaki H, et al.
Expression of a GALACTINOL SYNTHASE Gene in tomato seeds is up-
regulated before maturation desiccation and again after imbibition
whenever radicle protrusion is prevented. Plant Physiol. 2003;131:1347–59.
105. Skogerson K, Harrigan GG, Reynolds TL, Halls SC, Ruebelt M, Iandolino A, et
al. Impact of genetics and environment on the metabolite composition of
maize grain. J Agric Food Chem. 2010;58:3600–10.
106. Cohen H, Israeli H, Matityahu I, Amir R. Seed-specific expression of a
feedback-insensitive form of Cystathionine-γ-Synthase in Arabidopsis
stimulates metabolic and transcriptomic responses associated with
desiccation stress. Plant Physiol. 2014;166:1575–92.
107. Perl M. ATP synthesis and utilization in the early stage of seed germination
in relation to seed dormancy and quality. Physiol Plant. 1986;66:177–82.
108. Weitbrecht K, Müller K, Leubner-Metzger G. First off the mark: early seed
germination. J Exp Bot. 2011;62:3289–309.
109. Foolad MR, Lin GY. Absence of a genetic relationship between salt
tolerance during seed germination and vegetative growth in tomato. Plant
Breed. 1997;116:363–7.
110. Pence HE, Williams A. ChemSpider: An online chemical information
resource. Chem Educ Today. 2010;87:10–1.
111. Oba S, Sato MA, Takemasa I, Monden M, Matsubara K, Ishii S. A Bayesian
missing value estimation method for gene expression profile data.
Bioinformatics. 2003;19:2088–96.
112. Stacklies W, Redestig H, Scholz M, Walther D, Selbig J. pcaMethods-a
bioconductor package providing PCA methods for incomplete data.
Bioinformatics. 2007;23:1164–7.
113. Pons P, Latapy M. Computing communities in large networks using random
walks. 2005. Available from: http://arxiv.org/abs/physics/0512106
114. Saeed A, Sharov V, White J, Li J, Liang W, Bhagabati N, et al. TM4: a Free,
open-source system for microarray data management and analysis.
Biotechniques. 2003;34:374–8.
Rosental et al. BMC Genomics  (2016) 17:1047 Page 21 of 21
